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ABSTRACT 
 
An in-depth assessment of the factors influencing the dissemination of agricultural 
technology and commercialization is fundamental to the design of appropriate strategies to 
stimulate development, uptake, and scaling. This dissertation examines the economics of 
soybean with respect to soil fertility management, willingness to pay for improved varieties and 
demand-side preferences of soybean traders in Ghana. The study specifically tests the following 
research hypotheses: (1) there is heterogeneity in the adoption of integrated soil fertility 
management (ISFM) packages for farmers who have experienced precipitation shocks and also 
experienced long-term changes in temperature and rainfall; (2) participation in on-farm research 
and access to production and market information lead to a higher willingness to pay (WTP) for 
improved soybean varieties; (3) significant differences exist in the level of discounts across key 
attributes of soybean; and (4) significant differences exist in the level of discounts across buyer 
types operating in the soybean commodity chain. 
The second chapter assesses how farmers combine different ISFM practices when they 
experience precipitation shocks and perceive a long-term change in temperature and 
precipitation. The results indicate that the number of ISFM practices adopted is significantly 
influenced by demographic, farm-level, spatial, and institutional characteristics; and by climate 
variability and shocks. The results further reveal that farmers who have experienced precipitation 
shocks and perceive a long-term change in temperature are more likely to complement crop 
residue with compost. Similarly, farmers exposed to a long-term change in temperature and 
rainfall complement manure with compost while a trade-off is observed between crop residue 
and mineral fertilizer for farmers who have experienced either drought or flood.  
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The third chapter evaluates the impact of production and market information on farmers’ 
WTP for improved soybean varieties. The results show evidence of higher WTP for the 
improved varieties (“Jenguma,” followed by “Afayak,”) relative to the traditional variety 
(“Salintua”). Farmers who participated in on-farm research and were provided with production 
and market information have lower WTP for the improved varieties relative to the non-
participant farmers. A higher WTP is observed when farmers have a combination of production 
and market information compared to when they have only production information. The results 
further reveal a consistent ordering of the soybean varieties irrespective of the preference 
elicitation methods employed and participation status of the farmers.  
The fourth chapter investigates stated preferences for quality soybean traits (color, size, 
oil content, debris, and price) among wholesalers, processors, and retailers. The results show 
evidence of heterogeneity in the definition of quality soybean across wholesalers, processors, and 
retailers. Generally, traders prefer deep brown, bigger size, high oil content soybean devoid of 
foreign materials. Traders have well-defined indicators for quality soybean and significantly 
discount the price for failure to meet the required base level of quality. Debris is the most 
discounted attribute for all the traders. However, significant variation exists in the valuations of 
the soybean attributes for wholesalers, retailers, and processors.  
Results of the study suggest that improved production and market information will 
improve farmers’ production decision and the performance of the soybean market in Ghana. 
Future study must conduct a comprehensive analysis that accounts for the time invariant in the 
adoption of ISFM practices and compare the stated traders’ choice results with the hedonic 
pricing method. 
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CHAPTER 1 
INTRODUCTION 
 
The agricultural sector is considered as the potential engine for Africa’s growth due to the 
abundance of land for cultivation, increasing demand for food due to increasing population, with 
a subsequent decrease in food prices as production increases, and the considerable untapped 
irrigation potential (AGRA, 2017; You et al., 2011). Realizing the potential of the agricultural 
sector is difficult as it is composed mainly of smallholder farmers who are inundated with 
production and marketing constraints such as lack of consistent production and market 
information, low yields, increased severity and frequency of climate shocks, soil depletion and 
reduction in fallow periods, limited irrigation, and sparse rural infrastructure (IPCC, 2014; Jack, 
2013; Hazell, 2010). These challenges coupled with the huge migration of rural youth1 to the 
urban areas in search of elusive jobs are negatively affecting food security and poverty (Yeboah 
and Jayne, 2016). In response to these challenges, the United Nations through the sustainable 
development goal (SDG) 2 seeks to end hunger, achieve food security and improved nutrition, 
and promote sustainable agriculture. Strategies to achieve these goals include improved 
information on production and market, investment in road and market infrastructure to ensure 
well-functioning markets, equal access to technology and land, and increased income for 
smallholder farmers (United Nations, 2017). The objective of these strategies is to transform the 
agricultural production systems and the entire agricultural food systems (AFS)2. Notwithstanding 
the general consensus about the transformation of the entire AFS, there are contrary views on 
                                                          
1 The rural youth forms about 60% of the agricultural labor force in the rural areas. This youth are engaged in 
agricultural activities such as pre-production, production, and post-production. 
2 “The agricultural food systems are the set of activities, processes, people, and institutions involved in supplying a 
population with food and agricultural products. The AFS encompasses the provision of farming inputs and services, 
production at farm level, post-farm marketing, processing, packaging, distribution, and retail, and the policy, 
regulatory, environmental, and broader economic environment in which these activities take place” (Allen et al., 2016 
pp. 4). 
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how these transformations should occur. Details of these scholarly views are discussed in AGRA 
(2017). In Africa, an “inclusive” transformation and growth of small farms and small and 
medium scale enterprises (SMEs) is more likely than commercial farms to increase productive 
employment and income and reduce poverty, inequality and food insecurity. The transformation 
process could also lead to improving environmental and nutrition outcomes, enhancing the 
resilience of the farming systems and value chains to climate shocks and making the AFS more 
attractive to the youth (Hazell, 2017). 
The agricultural economics literature has highlighted several studies in SSA on 
agricultural technology adoption, preferences, impact evaluation, sustainable agricultural 
production, market (factor and output) participation, and household bargaining. Most of these 
studies asses the current state and the progress made by the agricultural sector and also make 
recommendations for future research with the ultimate goal of enhancing food security and 
reducing poverty. For example, Horrero et al. (2017) found that in Africa 30% and 50% of the 
agricultural outputs are produced by farmers with less than two hectares and between four to 20 
hectares respectively. Meanwhile, Christen and Anderson (2013) estimated that only 7% of the 
world’s smallholder farmers participate in tight3 value chains but according to Larson et al. 
(2014), the smallholder farmers are efficient low cost producers relative to large holding farmers 
and with the needed support and fair opportunity, they are able to compete in markets. Jack 
(2013) and Banerjee and Duflo (2012) stressed the need to make information available to poor 
households in order to improve their decisions making. Van Campenhout (2017) demonstrated 
how information and communication technologies (ICT) can be used to provide agricultural 
extension information and how it may lead to behavioral changes and influence production. 
                                                          
3 According to Christen and Anderson (2013), tight value chains involve farmers that are generally less poor, operate 
at least two hectares of land and take a more business-like approach to farming than other smallholders. 
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Sheahan and Barret (2017) highlights how policy differences across countries account for 
variation in the use of agricultural inputs and opens up a range of important new policy research 
questions. Using Nigeria as a case study, Liverpool-Tassie et al. (2017) recommended bulk 
purchase and distribution of fertilizer to reduce transaction costs. They also emphasized that 
understanding and addressing the soil health is necessary for increasing productivity. In 
assessing the input subsidy programs in Africa, Ricker-Gilbert et al. (2013) established that input 
subsidies have relatively small positive impact on the wellbeing of beneficiaries and crowd out 
commercial input purchases. Some studies have recommended using social network for the 
diffusion of technologies (Duflo et al., 2016; Ben Yishay and Mobarak, 2015); provision of 
credit and index-based weather insurance (Emerick et al., 2016; Banerjee et al., 2015; Jack et al., 
2015; Karlan et al., 2014); promotion and enforcement of contracts (Ashraf et al., 2009); and 
establishment of clear standards for grain quality (Jones et al., 2016; Jayne et al., 2007).  
Despite the vast amount of research on smallholder farmers in SSA, there are still gaps in 
the literature. This study presents three papers that contribute to the agricultural economics 
literature on sustainable agricultural production and field experiments on farmers and traders’ 
willingness to pay for improved technologies and quality soybean grains. These papers 
specifically seek to deepen the understanding of how perceptions of climate variability and 
shocks influence the adoption of SFM practices and the role of production and marketing 
information in WTP for improved soybean varieties among soybean farmers.  
Soybean is considered a cash crop in Ghana and women dominate its cultivation and 
commercialization (Amanor-Boadu et al., 2015; Dogbe et al., 2013). Northern Ghana accounts 
for more than 70% of the national soybean production in Ghana and most of the farmers who 
cultivate the crop are smallholders with less than 0.8 hectares (SRID, 2015) and average yields 
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of 0.5MT/ha relative to maize (1.12 MT/ha on average), and rice (0.7MT/ha on average) 
(Amanor-Boadu et al., 2015). The poultry industry in Ghana is a major market for soybeans and 
imports are required to meet domestic demand. The growing import bill indicate the need for 
government to invest in the soybean sector (Gage et al., 2012). Although there is limited 
government support, the soybean sector is currently gaining attention from development 
organizations through funding for the development of improved varieties that are high yielding, 
drought tolerant and resistance to pod shattering. Financial support for the soybean sector also 
includes developing, improving, and strengthening of the soybean value chain to be more 
competitive and profitable. Despite these interventions, lack of clear market standards and weak 
legal framework for enforcing standards even when they are defined make market coordination a 
challenge. Similarly, lack of information on production and market attributes on improved 
soybean varieties impede adoption which has a negative effect on welfare outcomes.  
Four main research hypotheses are tested per these studies: (1) there is heterogeneity in 
the adoption of integrated soil fertility management (ISFM) packages for farmers who have 
experienced precipitation shocks and also experienced long-term changes in temperature and 
rainfall; (2) participation in on-farm research and having access to production and market 
information influence WTP for improved soybean varieties; (3) significant differences exist in 
the level of discounts across key attributes of soybean; and (4) significant differences exist in the 
level of discounts across buyer types operating in the soybean value chain. The findings of these 
studies will: help farmers adapt to the changing climate in terms of their soil fertility 
management decisions; enable farmers to make an informed decision on the varieties of soybean 
to adopt; provide feedback to researchers in the development of improved soybean varieties; 
improve the symmetry of quality information across the soybean transaction interface so that 
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farmers, industry, and policymakers understand how buyers define quality and discount the 
soybean they purchase.  
The second chapter of this dissertation uses farm household survey data to provide 
empirical evidence on how farmers choose packages of ISFM practices (mulch, crop residue, 
compost, green manure, and mineral fertilizer) based on their perceptions about the long-term 
change in temperature and rainfall and precipitation shock. First a principal component analysis 
(PCA) was employed to ascertain the actual ISFM packages that farmers use on their plots. The 
results indicate three main packages of ISFM adopted by the smallholder farmers with two of the 
packages consisting of organic pair of fertilizers and the third package consisting of both organic 
and inorganic fertilizers. Secondly, the study extends the analysis beyond a binary (1/0) analysis 
of the probability of adoption to analyze the extent of ISFM adoption using the Poisson 
regression. The results show that demographic, farm characteristics, location, institutional, and 
climate variability and shocks influence the number of ISFM practices adopted by the farmers. 
Finally, using the multivariate probit (MVP) model and restricting the data to farmers who 
perceive a change in the long-term temperature, rainfall and have experienced shocks, the results 
indicate heterogeneity in the adoption of ISFM packages. Farmers who have experienced 
precipitation shocks and perceive a long-term change in temperature were more likely to 
complement crop residue with compost. Similarly, farmers exposed to a long-term change in 
temperature and rainfall complement manure with compost while a trade-off is observed between 
crop residue and mineral fertilizer for farmers who have experienced either drought or flood. 
This implies that perceptions of climate variability and shocks influence the soil fertility 
decisions made by farmers, therefore, providing more accurate district weather information for 
farmers can allow them to make a more informed investment and production decisions. 
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In chapter three, I use data from on-farm participatory research and experimental auctions 
to evaluate how production and market information influence farmers’ WTP for improved 
soybean varieties. The Vickery auction mechanism was used to elicit farmers’ WTP for three 
varieties of soybean (“Jenguma,” “Afayak,” and “Salintua”). I find evidence of higher WTP for 
“Jenguma,” followed by “Afayak,” and “Salintua.” However, farmers in the Northern Region 
were willing to pay more for improved soybean varieties followed by farmers in the Upper West 
Region and Upper East Region. This was followed by a random effect estimation of the factors 
influencing WTP. The results show that household demographics, farm characteristics, 
institutional factors, participation in on-farm soybean evaluations, risk perceptions, and district 
level controls significantly influenced farmers’ WTP for improved soybean varieties. The 
random estimation model reveals that farmers who participated in on-farm research and received 
production and market information have lower WTP for improved soybean varieties when 
compared to non-participant farmers who also received the same information on production and 
market. A combination of production and market information leads to a higher WTP relative to 
having only production information. Finally, the analysis reveals a consistent ordering of the 
soybean varieties irrespective of the preference elicitation method employed and participation in 
on-farm research. The variety “Jenguma” was ranked first followed by “Afayak,” and “Salintua.”  
The results of the study suggest that crop participatory research reduced the tendency for farmers 
to misreport their WTP.  
The fourth chapter of this dissertation use a data from a choice experiment to investigate 
traders’ stated preferences for soybean traits (color, size, oil content, debris, and price) and 
explores preference heterogeneity across traders using primary data from wholesalers, 
processors, and retailers. First, I investigate if there is consistent information about quality 
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soybean across the supply chain actors. The results of the random parameter and latent class logit 
models show evidence of heterogeneity in the definition of quality soybean across wholesalers, 
processors, and retailers. Generally, traders prefer deep brown, larger, high oil content soybeans, 
and soybeans devoid of foreign materials. Consistent with the sampled traders, the latent class 
logit model revealed three classes of traders. Soybean traders have well-defined indicators for 
quality soybean and significantly discount the price for failure to meet the required base level of 
quality. Debris is the most discounted attribute and consistent across the three types of traders 
(wholesalers, processors, and retailers). Depending on the market outlet of the soybean, I find 
significant variation in the valuations of the soybean attributes for traders. Results of the study 
suggest that farmers, policymakers, and development practitioners are likely to benefit from a 
greater symmetry of market information which will improve the soybean market performance 
and reduce pricing uncertainty and unfair distortions.  
In the final chapter of this dissertation (Chapter 5), a summary of the results that 
highlights the main findings of the three studies is presented which is followed by the 
implications of each of the results and the limitations. In summary, these papers suggest that 
understanding farmers’ and traders’ behavior regarding soil fertility, choice of improved soybean 
varieties and trading preferences is key to ensuring a robust soybean sector in Ghana. 
Perceptions of climate variability and shocks influence farmers’ choice of soil fertility 
management practices and access to production and market information affect farmers’ choice 
and adoption of improved soybean varieties. Regarding commercialization of soybean, traders 
pay attention to quality and discounts the price when farmers fail to meet a base level of quality. 
The study suggests the need for development practitioners to understand the role of perceptions, 
production and commercialization traits in the promotion of improved soybean in Ghana.  
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CHAPTER 2 
SOIL FERTILITY MANAGEMENT CHOICE AND PERCEPTIONS OF CLIMATE 
VARIABILITY AND SHOCKS AMONG FARMERS IN GHANA 4 
 
2.1 Introduction 
Increased severity and frequency of climate shocks, combined with soil depletion is 
increasing the risk of hunger and weakening the ability of the agricultural sector to feed the 
world’s growing population (IPCC, 2014). This is particularly a problem in Sub-Saharan Africa 
(SSA), where the continued productivity of a large population of small farmers is fundamental to 
ensuring the region’s food security. Research has shown that more than half of the world’s 1.5 
billion hectares of arable land is severely depleted, contributing to low crop yields (FAO and 
ITPS, 2015) and leaving about 220 million people in SSA undernourished (FAO, 2015) and over 
50 million African children experiencing stunted growth (UNICEF, 2016). 
In recent years, several countries in SSA have implemented input subsidy programs to 
encourage the adoption and use of mineral fertilizer. These programs have focused on ‘smart 
subsidies5” which are designed to enhance effective delivery systems as detailed by Morison et 
al. (2007). This have achieved mixed success (Mason and Ricker-Gilbert, 2013). Poor targeting, 
lack of effective coordination, and within-country and cross border leakages have diminished 
program impacts in numerous implementing countries in SSA.  
 
                                                          
4 I am very grateful to Hope Michelson, Kathy Baylis, Alex Winter-Nelson, and Peter Goldsmith for the valuable 
suggestions and comments.   
5 Morris et al. (2007) highlights 10 features of smart subsidies: (a) ‘promoting fertilizer as part of a wider strategy’; 
(b) ‘favoring market based solutions’ in input supply; (c)‘promoting competition’ in input supply; (d) ‘paying attention 
to demand’; (e) ‘insisting on economic efficiency’, (f) ‘empowering farmers’, (g) ‘involving an exit strategy’, (h) 
‘pursuing regional integration’, (i) ‘ensuring sustainability’, and (j) ‘promoting pro-poor economic growth’ (p103-
104). 
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As mineral fertilizer use among small farmers increases, a central challenge of getting 
organic material into small farmers’ soils remains. Organic material is critical for retaining 
moisture and soil nutrients and is the centerpiece of numerous technologies to complement 
mineral fertilizer use and enhance climate resilience. Yet the dissemination of such production 
technologies is more challenging6 than promoting the use of inorganic fertilizers through 
extension and input subsidy programs. The primary sources of organic inputs can involve 
significant labor or opportunity costs to households. Others involve a measure of technical 
capability or training; processing compost or green manure for example requires multiple steps 
that must be correctly implemented.  
The intensity of use of sustainable agricultural practices7 is likely to be influenced by 
farmer perceptions about climate variability because these perceptions affect expected 
production risk and expected profitability. For example, variation in temperature and rainfall 
increase farmers’ risk of crop failure (Campbell et al., 2016; Kotir, 2011). Climate perceptions 
also influence how farmers combine technologies (Nelson et al., 2010). For example, farmers 
may be more likely to use organic materials to increase soil fertility and decrease the rate of 
evapotranspiration when they perceive rainfall patterns to be erratic and if they understand that 
the incorporation of organics is a means by which they might mitigate this risk. Waldman et al. 
(2017) showed that farmers’ perceptions related to climate variability potentially lead farmers to 
make risk-averse decisions. An additional complication is that sustainable agricultural 
technologies can be knowledge intensive, complicating their dissemination and adoption; 
Sheahan and Barrett (2017) find that farmers in Niger and Ethiopia are failing to combine inputs 
                                                          
6 Preparation of organic fertilizers are time consuming, labor-intensive, and associated with high transportation cost  
7 Sustainable production requires the combinations of practices such as crop rotation, use of mulch, reducing or 
eliminating tillage, applying integrated pest management (IPM), and adopting agroforestry practices. 
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appropriately at the plot level, therefore, contributing to lower yields than they otherwise might 
achieve. These farmers use organic and inorganic fertilizers as substitutes rather than as 
complements which are associated with high cost of labor. The lack of evidence accounting for 
the uncoordinated modern inputs use at the farmers’ plot level serve as the motivation for this 
study. This study addresses three main research questions: (1) how do farmers combine elements 
of integrated soil fertility management (ISFM)? (2) what determines the intensity of scope of 
ISFM adoption? (3) how does perception of climate variability and shocks affect ISFM 
decisions? 
This study focuses on farmer adoption of components of ISFM. A defining feature of 
ISFM, as well as other sustainable agricultural practices, is that it consists of not a single 
technique, but a portfolio of technologies related to organic incorporation and sources. Farmers 
can choose among these agronomic practices based on labor, land, and capital availability. Yet 
little is known about how farmers choose and combine soil fertility management practices and 
the relationships among these practices. In this paper, I provide empirical evidence on how 
farmer perceptions of climate variability and shocks relate to their soil fertility management 
decisions. I also study conditioning factors such as demographic status, farm-related variables, 
land quality, institutional factors, relative isolation, and recent experience of climate variability 
and shocks that may enhance or hinder these decisions. 
ISFM is among the interventions widely promoted to improve soil health in SSA. It is a 
set of practices, which includes the use of organic and mineral fertilizers as well as improved 
seed combined with the adaptation of best agricultural practices to the local environment to  
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increase agronomic and economic efficiency8 (Vanlauwe et al., 2012). The potential agronomic 
and economic benefits of ISFM are considerable if all the practices are fully adopted and strictly 
implemented (Fairhurst, 2012; Vanlauwe et al., 2012). Even so, demonstrations at research 
locations in Africa especially in Ghana have shown that even partial adoption of ISFM practices 
can have relatively high impact on crop yield (Savanna Agricultural Research Institute, 2014). 
However, differences in the local environment require site-specific soil fertility 
recommendations to enhance agronomic practices. 
Few farmers have adopted the full suite of ISFM technologies, despite promotion efforts, 
and results from numerous studies suggest that adoption of ISFM is low relative to its expected 
benefits in SSA (Mponela et al., 2016; Lagerkvist et al., 2015; Adolwa et al., 2012). Factors 
influencing adoption of these practices vary significantly across SSA depending on the agro-
ecology. A study by Mango et al. (2017) showed that adoption of soil, water and land 
conservation practices is influenced by farmer demographics, farmer group membership, and 
land and labor availability. Teklewold, Kassie, and Shiferaw (2013) find that adoption of 
multiple sustainable agricultural practices in rural Ethiopia is influenced by factors such as 
credit, education, rainfall, household wealth, social capital, labor availability and market access. 
They also established that adoption of sustainable practices is interrelated. A review of African 
agricultural systems by Place et al. (2003) showed an increased use of ISFM through 
participation in agricultural projects. Omamo et al. (2002) demonstrate that farmers seem to use 
organic and inorganic fertilizers as substitutes after controlling for cropping patterns, farm-to-
                                                          
8 Agronomic efficiency (AE) measures the amount of additional yield obtained per kilogram nutrient applied. 
Agronomic efficiency of applied nutrients is equal to the additional crop yield obtained with the application of 
nutrients (i.e. the yield in the treatment with fertilizer minus yield in the treatment without fertilizer) divided by the 
quantity of nutrients applied (in kg per hectare) (Fairhurst, 2012). 
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market transport costs, and labor availability in Kenya. Other studies have shown varying results 
of adoption of soil fertility management and sustainable management practices (Wainaina, 
Tongruksawattana, and Qaim, 2016; Kassie et al., 2013; Marenya and Barrett, 2007), seed choice 
(Waldman et al., 2017) and agronomic and management practices (Mulwa, Marenya, and Kassie, 
2017). 
A challenge of ISFM for both dissemination and evaluation is also a strength in terms of 
the local malleability of the technology: the technology involves a range of agricultural practices 
that can be adapted to local environmental and economic conditions by the farmer. Most studies 
provide limited information on how the adoption of specific practices such as green manure, 
compost, mulching, crop residue and inorganic fertilizer are interrelated. A second limitation: 
few researchers have studied the role of farmer perceptions of climate variability and shocks in 
the choice of ISFM packages; this even though farmers who are exposed to climate shocks may 
be more likely to combine soil fertility practices that are more conducive to the local 
environment. This has the tendency to reduce the risk of crop failure and food insecurity. As 
climate shocks increase in frequency and severity, understanding how farmer experience of 
climate and their perceptions of past and future climate events may be critical to program design 
and technology promotion. 
This study makes three primary contributions to the agricultural innovation systems 
literature9, which emphasizes the relationship between innovations and their evolving political, 
economic and social context. First, it explores the combinations of ISFM practices that farmers 
actually adopt, taking a pragmatic look at the way farmers adapt the technology to their own 
                                                          
9 According to Hall, (2002), innovation systems research provides framework for (1) exploring patterns of 
partnership; (2) revealing and managing the institutional context that governs these relationships and processes; (3) 
understanding research and innovation as a social process of learning; (4) thinking about capacity building in a 
system sense. 
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needs and constraints and moving the analysis beyond the traditional method of characterizing 
ISFM adoption based on the use of either organic or inorganic fertilizer. I characterize ISFM 
packages and establish that farmers adopt three packages (first package – residue and manure; 
second package – compost and mulch; third package – manure and mineral fertilizer) where each 
package consists of complementary pair of soil fertility practices. Second, the paper extends 
beyond a binary analysis of the probability of adoption to study the extent of ISFM adoption 
among farmers. The study shows that demographic, farm characteristics, location, institutional, 
and climate variability and shocks influence the number of ISFM practices adopted by farmers. 
Finally, the study explores how perceptions of climate variability and shocks influence the 
choice of combination of soil fertility management (SFM) practices. The results indicate that 
farmers who are exposed to drought and flood are more likely to use multiple complementary 
ISFM technologies. A tradeoff between residue use and mineral fertilizer is observed indicating 
that few farmers who use mineral fertilizer incorporate residues. Restricting the analysis to 
wealth and adoption status, the results indicate that wealthier farmers are more likely to use 
mineral fertilizer. The result implies that providing subsidies to farmers may increase mineral 
fertilizer use. This information will guide development practitioners in designing and 
communicating effective soil fertility packages as well as contributing to understanding how 
farmers form perceptions of climate events.  
 
2.2 Background 
  
2.2.1 Soil Health Project 005 
Northern Ghana includes approximately 7 million hectares of arable land of which 70% 
of the non-urban land is available for agricultural production. The land is generally flat with 
lateritic soils of less than 0.5% organic matter, making them inherently poor in fertility (MoFA, 
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2010). Agriculture is impeded by short and erratic rainfall patterns, contributing to chronically 
low agricultural productivity (MoFA, 2010) and widespread poverty, especially in rural areas 
(Ghana Statistical Service, 2014).  
A major recent intervention in northern Ghana has been the Alliance for a Green 
Revolution in Africa (AGRA) Soil Health Project (SHP), which was implemented by the 
Savanna Agricultural Research Institute (SARI) of the Council for Scientific and Industrial 
Research (CSIR). The Soil Health Project was introduced in northern Ghana between 2010 and 
2013 and extended to 2014 based on the advice of external evaluators. The objective of the 
project was to contribute to increased food production and to alleviate extreme poverty in rural 
communities through strengthening partnerships and capacity of farmers’ organizations, agro-
input dealers, and research and development to promote integrated soil fertility management 
(ISFM) technologies. Specifically, the project was designed to: increase productivity of maize-
legume cropping systems through scaling out and up of proven ISFM technologies; 
strengthening farmer-based organizations, agro-input dealers and extension systems for wide-
scale dissemination of ISFM technologies; monitoring and assessing the impact of ISFM 
technologies on small-scale agricultural productivity and rural livelihoods; and updating and 
refining profitable fertilizer recommendations for maize and grain legumes in northern Ghana 
(Sudan and Guinea Savanna zones).  
The SHP was assigned to non-randomly selected farmers in northern Ghana. The 
Ministry of Food and Agriculture (MoFA) selected 120,000 smallholder farmers from various 
FBOs to participate. Criteria for selection into the program included accessibility to the 
communities, poor communities, functional Farmer-based organizations (FBOs), and poor soil 
fertility status. Participation in the program was voluntary. Extension agents introduced farmers 
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to the entire set of ISFM practices and farmers were able to select components to use on their 
land. The most frequent practices introduced to farmers included green manure, composting, 
mulching, ploughing-in of crop residue, and mineral fertilizer use. These practices were 
demonstrated through on-farm adaptive trials and promoted through farmer field schools (FFS). 
Training on recommended application rate of mineral fertilizer, compost, and manure was 
provided by SARI. Agro-input dealers were trained by SARI on the rate of mineral fertilizer 
application and supported financially by AGRA to set up input shops to facilitate input (seed, 
herbicide, and mineral fertilizer) supply to farmers. Farmers were also linked to the International 
Fertilizer Development Centre (IFDC)-led agro-dealer networks to facilitate access to agro-
inputs. 
 
2.2.2 Components and classification of ISFM   
Most farming systems are heterogeneous due to spatial variability in soil fertility. This 
heterogeneity arises from past management by farmers and inherent differences from parent 
material from which the soils have evolved (Fairhurst, 2012). However, ISFM is recognized as a 
catalyst for sustainable agricultural production, improvement of food security, increased farm 
income and lower food prices. ISFM requires all inputs to be managed following sound 
agronomic and economic principles. The principles of ISFM require interventions such as 
rotation/intercrop choice, tillage, soil conservation, manure, crop residue, mineral fertilizer, 
choice of crop variety, plant spacing, and weed, disease, pest, and water management. This paper 
highlights components of the ISFM practices (crop residue, manure, compost, mulch, and 
mineral fertilizers) used by farmers in the sample. The adoption of the practices involves an 
implicit decision on cost and long-term productivity gains.  
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Crop residues are plant materials (include stalks, leaves, and seed pods) from a previous 
harvest that are left on the field to decompose or ploughed directly into the soil. The 
decomposition of the plant materials adds nutrients, increases the water-holding capacity of the 
soil, increases carbon content, and prevents erosion. The estimated cost for 40kg of crop residue 
is US$4.2 based on the green leaves harvested for animal feed. In Ghana, about 1000-
1200kg/acre of crop residue is potentially available on the farm after harvest (S.S.J Buah, 
Personal Communication, May 26, 2018).  
Green manure is any matured plant material incorporated into the soil to improve the soil 
physical, chemical, and biological properties and consequently crop yields. It is either leguminous 
or non-leguminous grown in situ or brought as cuttings of trees and shrubs from outside (Fageria, 
2007). The estimated cost (US$14.7) associated with green manure is the sum of the cost of crop 
residue (US$4.2) and the cost of ploughing (US$10.5). Cover crop (Mucuna spp) from the 
previous farming season is ploughed into the soil as green manure (S.S.J Buah, Personal 
Communication, May 26, 2018). 
Compost is an organic matter decomposed by aerobic microbes and converted into 
humus. It increases crop productivity by improving the physical, and biological properties and 
increasing organic matter. Compost also ensures that nutrients are slowly released to the plant 
thus preventing leaching (Council, 2008). The estimated cost of applying compost is 
US$126/acre (S.S.J Buah, Personal Communication, May 26, 2018). 
Mulch is any plant material such as leaves, grass and crop residues used to cover the 
topsoil to prevent the growth of weeds, soil erosion and subsequent nutrient loss. The cover 
crops create a conducive environment for soil organisms, which help to improve soil structure 
for efficient infiltration of rainwater (Tu, Ristaino, and Hu, 2006). Mucuna spp is the most 
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common cover crops used by smallholder farmers. The estimated cost of using mulch is 
US$53/acre (S.S.J Buah, Personal Communication, May 26, 2018). 
Mineral fertilizers are an important source of nutrients and affect the physical, chemical, 
and biological properties of the soils. Usually, the amount of mineral fertilizer applied based on 
different ecological zones influences crop productivity (Morris, 2007). Mineral fertilizers release 
nutrients quickly in a form that is required by the plants. However, they are easily leached when 
used without organic fertilizers. The common mineral fertilizer used by farmers in the study area 
is NPK (Nitrogen (N), Phosphorus (P) and Potassium (K)). Recommended rate for soybean is 
25-60-30 kg/ha as N, P2O5 and K2O. This translates to 1.33 bags NPK fertilizer, 0.61 bags of 
triple superphosphate (TSP) and 0.07 bags of muriate of potash per acre. The estimated cost per 
acre of a bag of NPK, TSP and muriate of potash are US$26.46, US$25.2, and US$5.3 
respectively (S.S.J Buah, Personal Communication, May 26, 2018). 
I characterize ISFM practices into two dimensions based on the cost associated with labor 
and the input and short/long-term effect on yield (Figure 2.1). Compost is classified as costly and 
long-term; residue and green manure are classified as less costly and long-term; mineral fertilizer 
is classified as short-term and costly; and mulch is classified as long-term and intermediate 
between costly and less costly. Although the practices have different roles in enhancing soil 
fertility, mulch has several advantages in mitigating soil fertility decline.  It reduces the growth 
of weeds and pests, retains moisture, prevents soil erosion, maintains soil nutrients, and improves 
soil structure. Adoption of an ISFM package indicates the trade-off farmers make with respect to 
cost and time preference of soil fertility on yield. However, perceptions of climate variability and 
shocks determine the trade-off decisions with the choice of ISFM practices.  
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The main objective of adopting ISFM is to optimize agronomic use efficiency of the 
applied nutrients and improving crop productivity. This objective is realized when the inputs are 
combined effectively and adapted to the local environmental and economic conditions. Financial 
and labor constraints limit the number of practices adopted by smallholder farmers. Complete 
adoption of ISFM is expensive especially for smallholder farmers. However, partial adoption of 
the practices is mostly the norm within the smallholder farming systems. This study shows how 
adoption of multiple ISFM practices varies among smallholder farmers in the study area. The 
AGRA SHP presents a challenging context in analyzing farmers’ adoption behavior for soil 
fertility management practices due to the interdependence of the practices. Therefore, analysis of 
farmer adoption behaviors could provide valuable information to development practitioners for 
future project design and implementation.  
 
2.3 Study area, sampling, data and summary statistics 
2.3.1 Study area and sample 
The study covered smallholder farmers in northern Ghana consisting of Northern, Upper 
East and Upper West regions; and located mainly in the Guinea and Sudan savannah agro-
ecological zones. Northern Ghana is made up of 52 districts with 26 in Northern, 15 in Upper 
East and 11 in Upper West regions. The regions cover a total land area of 97,666 km2 with an 
estimated population of 4,228,116 (Ghana Statistical Service, 2012). The regions record a 
unimodal annual average rainfall of about 1000mm that lasts between five and six months 
(Owusu, 2018). This value is below the annual average rainfall in the rain forest and deciduous 
forest zones of Ghana. Figure 2.2 shows the study area farmers’ perceptions of climatic 
variability and shocks in northern Ghana. Upper West region is perceived to be the most affected 
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region in terms of flood, drought and experience of change in mean temperature over the last 10 
years followed by Northern and Upper East regions.  
The three regions are isolated and poor relative to the rapidly developing and urbanizing 
south (Gage et al., 2012). The vegetation is mainly grassland interspersed with shrubs. 
Agriculture is the main source of livelihood for most of the inhabitants and primary crops grown 
are maize, sorghum, millet, rice, soybean and cowpea, while common livestock include cattle, 
sheep, goats, and poultry. Myriads of government and donor intervention programs have been 
implemented in these regions with the objective of transforming the area into the breadbasket of 
Ghana (MoFA, 2011) but yields are still low; 1.12 MT/ha on average for maize, 0.7MT/ha on 
average for rice and 0.5MT/ha on average for soybean (Amanor-Boadu et al., 2015).  
A representative of 1,100 farm households were sampled in northern Ghana using a 
multistage sampling technique which combines purposive and random sampling methods. The 
sample frame consists of all the 52 farming districts in northern Ghana. To ensure a balanced 
representation of respondents across the three regions, a larger sample was drawn from the 
Northern region due to the high population of farmers in the region. The targeted districts were 
purposively sampled based on their participation in the SHP. In the first stage, 10 districts from 
Northern region and six districts each from Upper West and Upper East regions were 
purposively selected. Second, five communities were purposively selected from a list of farming 
communities in each of the selected districts. This was based on the volume of maize and 
soybean production, presence of functional and active farmer-based organizations and 
accessibility to factor inputs. Finally, 10 farmers were randomly selected from a list of 
smallholder farmers within each of the selected communities. A total of 1,100 households were 
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surveyed using a standardized survey instrument (Table 2.1). Due to missing data, the sample 
size reduced to 966 respondents.  
 
2.3.2 Data 
I use data from a farm household survey collected by SARI with financial support from 
the United States Agency for International Development (USAID). Data were collected between 
September and November 2015 for the 2014/2015 farming season. The survey includes 
information about household demography and farm characteristics, soil improvement 
technologies, crop and livestock production, income and expenditure, household experience with 
credit and shocks, production and marketing information, social interventions (participation in 
food relief programs), climate-related issues, crop insurance and food security. Specific 
information on the adoption of ISFM practices includes crop residue, manure, compost, mineral 
fertilizer, and mulch, improved variety of maize and soybean, and crop rotation. The data capture 
the number of ISFM practices used by each farmer in the study area. Information on farmers who 
have participated in any form of climate-related training such as planting time, use of terraces, 
border trees, cover crops, and ridges to collect water were captured. Climate variabilities and 
shocks include long-term change in mean temperature, and rainfall over the last 10 years, 
experience of drought and flood over the last 10 years, injury and death due to flood and drought, 
loss of livestock due to flood, and change in hot days over the last 10 years. The data also 
capture farmers’ access to extension and research institutions and social capital such as 
membership in farmer associations, market associations, and political affiliation. 
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2.3.3 Description of ISFM practices and climate variability 
As defined previously, ISFM practices consist of ploughing-in crop residue, green manure, 
compost, mulching and mineral fertilizer. Table 2.2 shows the adoption of single and multiple 
ISFM practices by sampled farm households in northern Ghana. Significant heterogeneity exists 
in the combinations of the ISFM practices among the sampled farmers. The different practices 
have varying fertility and yield effects thus it is expected that farmers will make the best decision 
based on the quality of their farm plots and knowledge conditional on local prices and farm 
constraints (Sheahan and Barrett, 2014). Non-adopters of ISFM practices and farmers who use 
only mineral fertilizer recorded the highest average farm size. Farmers who jointly use organic and 
inorganic fertilizers have higher farm size relative to those who only use organic pair of ISFM 
practices.  
The data showed that 4% of the sampled farmers do not use any of the ISFM practices. 
Regarding single ISFM practices, 11%, 0.2%, 0.2%, and 11% of the farmers use crop residue, 
compost, mulch, and mineral fertilizer respectively. None of the sampled farmers solely use 
green manure. I observe from the data that 280 of the sampled farmers jointly use only two ISFM 
practices. About 18% jointly use crop residue and mineral fertilizer followed by 3% who jointly 
use mulch and mineral fertilizer. About 2% of the sampled farmers use compost and mineral 
fertilizer while 2% use crop residue and mulch. The rest of the farmers who jointly use two 
practices are less than 2%. Manure and compost are the least used ISFM practices. A total of 303 
farmers in our sample jointly use three ISFM practices. While 18% of the farmers use manure, 
crop residue, and mineral fertilizer, 7% jointly use crop residue, mulch, and mineral fertilizer. 
About 4% use crop residue, compost, and mineral fertilizer. The least frequently combined ISFM 
practices are manure, crop residue, and compost. Less than 13% (119) of the sampled farmers 
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jointly combine four ISFM practices. Within this category, 4.4% of the farmers use manure, crop 
residue, compost, and mineral fertilizer together while 3.9% combine crop residue, mulch, 
compost, and mineral fertilizer. Manure, mulch, compost, and mineral fertilizer is the least 
combined practices. About 1% of the sampled farmers jointly use all the five ISFM practices.  
Generally, majority of the sampled farmers use multiple ISFM practices. Similarly, 
majority of the farmers who use multiple ISFM practices combine organic and inorganic 
fertilizers on their farm plots relative to using either organic or inorganic as single inputs or 
jointly using organic pair of fertilizers. Contrary to the findings of Sheahan and Barrett (2017), 
there is evidence of synergy in the use of the ISFM practices on farmers’ plot. Figure 2.3 shows a 
Venn diagram of the most frequently used ISFM practices (crop residue, manure, and mineral 
fertilizer) in our sample. The figure shows a high synergy in the combinations of the most 
frequently used ISFM practices.  
There is a growing interest among researchers to establish how intensity of fertilizer use 
relate to land relative to the well-established inverse relationship between yield and farm size. I 
employ a non-parametric local polynomial regression to ascertain the relationship between the 
intensity of inorganic fertilizer use and farm size. The results show a consistent negative 
relationship between the two variables (Figure A1). The results confirm the findings of Sheahan 
and Barrett (2017) who showed that an inverse relationship exists between input use intensity 
and farm size in Malawi and Nigeria. This relationship is consistent for farm size below 13 
hectares and more pronounced for households with lower farm size in northern Ghana and 
Northern Region. A consistent negative relationship is observed over the entire support of the 
farm size for farmers in the Upper East and Upper West regions of Ghana. The results suggest 
that farmers in northern Ghana are increasing inorganic fertilizer use on smaller farm plots. 
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However, there is the need for further study to establish whether there is a corresponding 
increase in the volume of crop production per unit of inputs and how the results change with 
objective measurement of farm size compared to farmers self-reporting. 
Farmers’ perceptions of climate variability and shocks are presented in Table 2.3. The 
data reveals that 58% of the sampled farmers are aware of climate change. This may be 
attributed to participation in agricultural development projects that educate farmers about 
climate-related issues. The numbers are higher in Upper West Region relative to Northern and 
Upper East regions. Long-term change in mean temperature (96%), rainfall (97%), and 
experience of flood and drought (57%) were the most frequently cited climate variability and 
shocks. These perception and shock variables are statistically significant across the three regions 
with Upper West recording the highest number.  
To gauge farmers’ perception against reality, I present a time series of annual average 
(May-October) rainfall and temperature for the sampled districts in northern Ghana for the 
period 1999-2017 (Figures 2.4 and 2.6). The average rainfall and temperature are calculated for 
the growing season. Generally, rainfall fluctuates over the study period with both crests and 
troughs at irregular intervals. The highest mean annual rainfall for Upper West and Upper East 
regions were recorded in 2003 respectively while Northern Region recorded the highest mean 
annual rainfall in 2010 (Figure 2.4). A plot of standard deviation rainfall over the period (1981 to 
2017) show that Northern Region recorded the highest positive rainfall deviation while Upper 
East and Upper West regions recorded negative rainfall deviation (Figure 2.5). For the entire 
study period, districts in the Northern Region recorded the highest annual rainfall followed by 
Upper East and Upper West regions. There is sharp fluctuation in the district rainfall pattern 
observed over the growing seasons in Upper East Region. Nadowli and Jirapa districts in the 
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Upper West Region recorded higher annual average rainfall over the entire period relative to Wa 
Municipal, Sissala East, Wa East, and Wa West. Figure 2.6 shows fluctuations in the annual 
average temperature for all the districts in the three regions. Upper East recorded the overall 
highest mean annual temperature over the study period followed by Upper West and Northern 
regions. However, Upper West and Northern regions closely followed each other. Upper East 
and Upper West regions observed the highest annual temperature in 2013 while Northern Region 
recorded the highest annual temperature in both 2011 and 2015. There are variations in the 
annual temperatures between the districts in the Upper East region. However, significant 
variations exist in the annual temperatures recorded between the districts in the Upper West and 
Northern regions. In all, Upper East region observed the most fluctuations across the entire study 
period. A standard deviation plot of temperature over the study period (1981-2017) indicates that 
Upper East recorded positive deviation while Northern and Upper West regions recorded 
negative standard deviation (Figure 2.7). Figure A2 and A3 show the standard deviations for 
rainfall and temperature for the districts. 
Comparing the response of farmers’ perceptions of long-term change in annual 
temperature and rainfall to the observed annual rainfall and temperature, I find the two 
measurements to be consistent (Table A1). Temperatures are increasing, and rainfall are highly 
variable, and many farmers perceive temperature and rainfall different now than before. Previous 
study by Thomas et al., (2011) indicates that farmers in developing countries are aware of 
variability in rainfall patterns. 
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2.3.4 Summary statistics by adoption status  
The sampled farmers were categorized into non-adopters, low and high adopters based on 
the number of ISFM practices currently used. Non-adopters are farm households not using any of 
the soil fertility management (SFM) practices. Low adopters are farm households that adopt any 
two of the SFM practices. High adopters are farm households that are currently using more than 
two of the SFM practices. Table 2.3 presents the summary statistics of the explanatory variables 
based on adoption status. The results show that farm household heads are relatively young on 
average (47 years) and belong to the economically active age group in Ghana. This shows that 
farmers in the study area can work for the next two decades. Most of the respondents are male 
and have low educational attainment with a household size of nine and 13 years of farming 
experience.  
Results do not differ significantly across the adoption categories except for education; 
majority of low adopters are more likely to have educated household heads. With respect to farm 
variables, majority of the household heads own farmland, practice intercropping, cultivate on flat 
parcels with relatively low soil fertility, and have an average of three farm plots. The average 
farm size and walking distance from homestead to the nearest farm parcel are four hectares and 
two kilometers respectively. Non-adopters have relatively large (5 hectare) farm parcels 
compared to adopters (4 hectare), while about 79% and 85% of low and high adopters 
respectively perceived their farm parcels to be highly sloped. I find that majority of the farm 
household heads report knowledge of climate change and report that they have experienced both 
long-term changes in mean temperature and rainfall and suffered some degree of loss due to 
drought or flood. Comparatively, low and high adopters perceive climate change more strongly 
than non-adopters. Farmers travel an average distance of 11 kilometers and 32 kilometers to the 
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nearest research stations and extension offices respectively in search of information on good 
agricultural practices (Table 2.3). On average, non-adopters are located far (66 km) from the 
nearest research station or extension office relative to low and high adopters. This has 
implication for technology adoption and use of good agricultural practices given the high cost 
associated with accessing production and marketing information. Both low and high adopters 
travel the same distance to the nearest research stations to obtain technical assistance on fertilizer 
application and improved production technologies. Similarly, distance travelled to the nearest 
extension service is the same for adopters and non-adopters. Non-adopters have relatively higher 
access to assets such as bicycle, motorcycle, cell phones, and tractors at the village level relative 
to the adopters. High adopters have higher proportion of male literates followed by low adopters 
and non-adopters. Low adopters recorded the highest proportion of female literates in the village.  
 
2.4 Methodology 
2.4.1 Conceptual framework 
Analysis of technology adoption among smallholder farmers is guided by three main 
conceptual models; innovation–diffusion model, economic constraint model, and technology 
characteristics-user’s context model. The innovation diffusion model regards effective 
communication as key to adoption decisions (Rogers, 2010); economic constraint model assumes 
that the distribution of resource endowments among users determines the distribution of 
technology adoption (Hayami and Ruttan, 1985); the technology characteristics-user’s context 
model demonstrates how the characteristics of the technology within an agro-ecological, 
institutional and socio-economic context, play a central role in an adoption and diffusion process 
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(Scoones and Thomson, 1994). Gould et al. (1989) highlights the role of perceptions of potential 
adopters in relation to the characteristics of a technology.  
Partial adoption of a new technology such as ISFM practices among smallholder farmers 
can be analyzed within the context of risk and uncertainty, market imperfections, profitability, 
and input fixity (Jack, 2013; Sadoulet and De Janvry, 1995; Smale, Just, and Leathers, 1994). 
Adoption of technologies usually goes through a stage of farm-level experimentation. Farmers 
may apply new and old technologies together to observe the outcomes that will inform adoption. 
Across subsistence farm households, adoption of new practices varies with the socio-
demographic characteristics of the farm households given that the objective of the household 
decision maker is to increase production to meet household food requirements (Sadoulet and De 
Janvry, 1995). Similarly, the expected profitability of a new technology may vary significantly 
within and across households due to the differences in wealth, preferences, household labor 
endowment, and perceptions about the technology or climate variability and shocks. Duflo and 
Udry (2004) have shown that constraints to technology adoption may differ among individuals 
within household. Given that ISFM practices are knowledge-intensive and expensive to fully 
implement, wealthier households may have more access to information, credit, and irrigation 
facilities relative to poor households which may enhance their adoption and profitability.  
Fairhurst (2012) shows the relationship between the different components of ISFM 
adoption and their effect on agronomic efficiency (AE) based on past studies in SSA (Figure 3.4, 
p18). Adoption of a complete ISFM package generates greater yield response in soils that are 
more responsive to input application relative to soils that are less responsive to input application. 
As farmers move towards complete adoption of ISFM practices, yields increase which leads to 
higher profits if incremental revenue exceeds incremental costs. Complete ISFM implementation 
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requires knowledge of how to adapt practices to each farm’s constraints and opportunities. The 
response (measured by AE) to seed and fertilizer inputs is large in responsive soils (point A). 
The response to seed and fertilizer inputs is small in non-responsive ‘degraded’ soils (point B) 
and organic resources are required to make efficient use of fertilizer and improved seeds (point 
C) (refer to: Fairhurst, 2012, Figure 3.4, p18). However, full implementation of ISFM practices 
is both labor and capital intensive for smallholder farmers given the fact that labor markets do 
not function smoothly and inputs such as mineral fertilizer and compost are often expensive. 
Therefore, farmers selecting ISFM components must find a balance between cost and economic 
returns.  
Perceptions of ISFM attributes coupled with climate variabilities and shocks are 
correlated with adoption outcomes. These outcomes may subsequently influence expectation of 
profit and cost due to the risk-averse investment decisions farmers are likely to make. More so, 
the value an individual place on coping strategies with drought may predict the propensity to 
adopt and maintain new behaviors (Truelove et al., 2015). For example, farmer perceptions and 
beliefs about long-term changes in temperature, rainfall amount and shocks are based on prior 
experiences which may not necessarily align with reality (Meijer et al., 2015). Conversely, some 
studies (Mertz et al., 2008; Thomas et al., 2007) in developing countries have shown that farmers 
are gradually becoming aware of the trends in climate variabilities, therefore, employing several 
coping and adaptation strategies. Coping and adaptation strategies such as adopting multiple 
ISFM practices as either substitutes or complements are outcomes of farmer perceptions of long-
term change in temperature and rainfall. Farmers who have experienced precipitation shocks 
may be more likely to use cover crops to maintain enough moisture in the soil. Moreover, people 
use their experience of climate events to make probability judgements of similar future events. 
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These beliefs or judgements influence individuals to assign greater weight to more recent or 
extreme events (Marx et al., 2007; Morton, 2007; Tversky and Kahneman, 1973). Similarly, 
Wise et al., (2014) show that historical preferences can influence perceptions and adoption of 
climate adaptation technologies. 
In this study, I explore the possible combinations of ISFM practices that farmers are 
actually implementing and describe relationships among the practices. Given the possible large 
number of combinations of practices, I employ the principal component analysis (PCA) to 
identify the clusters of combinations being used by farmers. The PCA indicates the groupings of 
practices are but is unable to provide insight into the relationships between the possible 
combinations. I employ a multivariate probit model (MVP) to identify relationships 
(complements or substitutes) between the practices. This method is limited in terms of 
identifying relationship between two ISFM practices. Finally, we use a Poisson regression model 
to identify the factors influencing adoption of multiple ISFM practices given that farmers are 
resource constrained and exposed to climate variability and shocks. 
 
2.4.2 Theoretical framework 
The theory of expected profit maximization framework is the theoretical underpinning of 
ISFM adoption given that smallholders in developing countries produce under uncertainty and 
market imperfections. According to Pender and Kerr (1998), household characteristics and 
resource endowments are important determinants of farm household investment and production 
decisions given that markets do not function perfectly or may be missing. The ISFM practices 
were classified into two groups based on the assumption that farmers produce their own organic 
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fertilizers (crop residue, green manure, and mulch) using household labor and buy mineral 
fertilizer and compost from input dealers. The household production function, 𝒒 is expressed as: 
 
𝑞𝑖 = 𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐, 𝑋𝑖
0, 𝑍𝑖 , 𝐹𝑖 , 𝑅𝑖, 𝜀𝑖)                                                                 (2.1) 
 
where 𝐼𝑗 (crop residue, green manure, and mulch) is a vector of ISFM practices; 𝑋𝑖
𝑓
 and 𝑋𝑖
𝑐 
represent mineral fertilizer and compost respectively; 𝑋𝑖
0 is other inputs (such as seed, pesticide, 
herbicide etc.); 𝑍𝑖 is household characteristics; 𝐹𝑖 is time allocated to the farm (labor constraints) 
and 𝑅𝑖 are vector of exogenous factors (rainfall, drought, climate perceptions, and soil fertility 
perceptions) that shifts the production function. The term 𝜀𝑖 with distribution 𝐹(. ) captures 
production risk, which cannot be directly measured. Adoption of any of the ISFM practices 
(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐) is also determined by 𝑍𝑖, and 𝑅𝑖. If 𝑤 and 𝑟 are the vector of input prices and p is the 
output price, then the risk-averse household maximizes the expected utility of gross income 
associated with adoption of all the practices as: 
max
𝑋,𝐼
𝐸[𝑈(𝜋)] = max
𝑋,𝐼
∫[𝑈(𝑝𝑞(𝐼𝑗 , 𝑋𝑓, 𝑋𝑐, 𝑋0, 𝜀) − 𝑤𝑔𝐼𝑔 − 𝑟𝑓𝑋𝑓 − 𝑟𝑐𝑋𝑐 − 𝑟0𝑋0)]𝑑𝐺(𝜀)
𝑞
0
   (2.2) 
where 𝑈(. ) is the Von Neumann-Morgenstern utility function, 𝜀 captures the unobserved 
household heterogeneity which includes management ability, risk preferences, motivation, and 
rate of discount which could affect the level of input use and productivity; 𝐼𝑔 is the vector of all 
ISFM practices (crop residue, green manure, mulch, mineral fertilizer, and compost); 𝑤𝑔 is the 
vector of labor cost for all the ISFM practices; 𝑟𝑓 and 𝑟𝑐 are input prices of mineral fertilizer and 
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compost; and 𝐸 is the expectation operator. The first order condition for the vector of practices 
𝐼𝑗, mineral fertilizer (𝑓), and compost (𝑐) is expressed as: 
 
𝑤𝑔
𝑝
𝐸(𝑈′) = 𝐸 [
𝜕𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐 , 𝑋𝑖
0, 𝑍𝑖, 𝐹𝑖 , 𝑅𝑖 , 𝜀𝑖)
𝜕𝐼𝑔
𝑈′]                                    (2.3) 
 
𝑟𝑓
𝑝
𝐸(𝑈′) = 𝐸 [
𝜕𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐 , 𝑋𝑖
0, 𝑍𝑖, 𝐹𝑖 , 𝑅𝑖 , 𝜀𝑖)
𝜕𝑋𝑓
𝑈′]                                    (2.4) 
 
𝑟𝑐
𝑝
𝐸(𝑈′) = 𝐸 [
𝜕𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐 , 𝑋𝑖
0, 𝑍𝑖, 𝐹𝑖 , 𝑅𝑖 , 𝜀𝑖)
𝜕𝑋𝑐
𝑈′]                                    (2.5) 
 
Assuming 𝑉 =
𝜕𝑞(𝐼𝑗,𝑋𝑖
𝑓
,𝑋𝑖
𝑐,𝑋𝑖
0,𝑍𝑖,𝐹𝑖,𝑅𝑖,𝜀𝑖)
𝜕𝐼𝑗
, and 𝑉 and 𝑈′ (change in utility of income due to change in 
income) are not independent, then equations (2.3), (2.4) and (2.5) can further be simplified as: 
𝑤𝑔
𝑝
= 𝐸 [
𝜕𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐, 𝑋𝑖
0, 𝑍𝑖, 𝐹𝑖, 𝑅𝑖 , 𝜀𝑖)
𝜕𝐼𝑔
] +
𝐶𝑜𝑣(𝑉𝑈′)
𝐸(𝑈′)
                                                  (2.6) 
 
𝑟𝑓
𝑝
= 𝐸 [
𝜕𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐, 𝑋𝑖
0, 𝑍𝑖, 𝐹𝑖, 𝑅𝑖 , 𝜀𝑖)
𝜕𝑋𝑓
] +
𝐶𝑜𝑣(𝑉𝑈′)
𝐸(𝑈′)
                                                  (2.7) 
 
𝑟𝑐
𝑝
= 𝐸 [
𝜕𝑞(𝐼𝑗 , 𝑋𝑖
𝑓 , 𝑋𝑖
𝑐, 𝑋𝑖
0, 𝑍𝑖, 𝐹𝑖, 𝑅𝑖 , 𝜀𝑖)
𝜕𝑋𝑐
] +
𝐶𝑜𝑣(𝑉𝑈′)
𝐸(𝑈′)
                                                  (2.8) 
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where 𝑈′ is the change in utility of income due to change in income. The second term in 
equations (2.6), (2.7), and (2.8) is zero for risk-neutral farmers and therefore adoption of ISFM 
will be dependent on the marginal conditions. However, for risk-averse farmers, the second term 
will be different from zero which is a measure of deviations from the risk neutrality positions 
(Ogada, Mwabu, and Muchai, 2014). Following the argument of Ogada et al (2014), the second 
term of equations (2.6), (2.7), and (2.8) will be proportional and opposite in sign to the marginal 
risk with respect to ISFM practices. Therefore, adoption of ISFM practices would be influenced 
by cost of adoption, production risks, farm and demographic variables, and a vector of 
exogenous factors (previously defined). Given the options of soil fertility management practices, 
a risk-averse farmer will choose an option, option A if the expected benefit 𝐸[𝑈(𝜋𝐴)] is higher 
than the alternative 𝑁 (non-adoption of ISFM), 𝐸[𝑈(𝜋𝑁)]  such that 𝐸[𝑈(𝜋𝐴)] > 𝐸[𝑈(𝜋𝑁)].  
 
where the assumption about the relationship of the disturbance term in the expected benefit 
function determines the choice of model to use in analysis. Given that not all the variables are 
observed, the decision to adopt can be expressed in terms of probability. The probability of 
choosing soil fertility management practice by household 𝑖 is expressed as: 
 
𝑃(𝐼𝑔 = 1 ) = 𝑃𝑟(𝐸[𝑈(𝜋𝐴)]) > 𝑃𝑟(𝐸[𝑈(𝜋𝑁)])                               (2.9)  
 
where 𝐸[𝑈(𝜋𝑁)] = max
𝑋0
∫ [𝑈(𝑝𝑞(𝑋0, 𝜀) − 𝑟0𝑋0)]𝑑𝐺(𝜀)
𝑞
0
; and 𝑋𝑔 is vector of input (mineral 
fertilizer and compost). Since ISFM practices are interdependent, we can specify the theoretical 
model of ISFM adoption as: 
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𝑋𝑔 = 𝑋(𝐼𝑗 , 𝑝, 𝑍𝑖 , 𝐹𝑖, 𝑅𝑖 , 𝜇𝑔)                                                                     (2.10) 
 
𝐼𝑗 = 𝑋(𝑋𝑔, 𝑝, 𝑍𝑖 , 𝐹𝑖, 𝑅𝑖 , 𝜇𝑔)                                                                     (2.11) 
 
where equations (2.10) and (2.11) are the observed binary variables which reflects the latent net 
benefits, 𝑋𝑔
∗ and 𝐼𝑔
∗  from adopting ISFM (𝑋𝑔, 𝐼𝑗) practices. 
 
2.4.3 Choice of explanatory variables 
Negatu and Parikh (1999) illustrate that choice of factors influencing adoption of 
agricultural technologies is guided by three main paradigms (innovation–diffusion, economic 
constraint, and technology characteristics-user’s context models) previously defined. A study by 
Langyintuo and Mungoma (2008) demonstrates that adoption decisions cannot be explained 
independently by a single general model since in many cases, different models can describe a 
single event successfully. The study hypothesized that household and farm characteristics, 
institutional setting, climate perceptions, and village level factors will have different effects on the 
probability of adoption. 
Age and education are expected to influence the adoption of ISFM. Younger farmers may 
be more innovative and more willing to take risk relative to older farmers thus have higher 
probability of adopting new technologies (Manda et al., 2016). However, older farmers are more 
experienced and might have accumulated greater physical and social capital, which may enhance 
their adoption decision (Kassie et al., 2013). Education is hypothesized to increase the 
probability of technology adoption while females are less likely to adopt a new technology due 
to constraints such as credit and land (Langyintuo and Mungoma, 2008). This is also true for 
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ISFM adoption where instruction manuals on ISFM use require some level of literacy to 
comprehend and adopt. Adoption of ISFM is labor-intensive, therefore, large households may be 
more willing to adopt due to labor endowment (Pender and Gebremedhin, 2007). Nevertheless, 
large household size can be a burden on household, especially where members are economically 
inactive. Farm households with large landholdings are more likely to experiment portion of their 
lands with improved technologies while those cultivating smaller farms may be more willing to 
adopt technologies that require intensive management (Langyintuo and Mungoma, 2008). In 
addition, farmers who practice intercropping may be less likely to use mulch, and mulch due to 
complementary sharing of plant resources, such as Nitrogen from N fixing plants. Generally, 
farmers who perceive their soils to be of low quality are more likely to adopt soil fertility 
enhancing technologies. Farm plots that are closer to farmer’s residence are more likely to serve 
as experimental plots for new technologies. Farmer residence measured by location captures the 
agro-ecological differences (rainfall, altitude, infrastructure, resource endowment and farming 
conditions) (Asfaw et al., 2012) that might influence adoption and investment decisions. 
Awareness of changes in climate parameters is necessary to guide future adaptation 
strategies (Deressa, Hassan, and Ringler, 2011). Farmers who have prior knowledge or 
awareness of changes in temperature, rainfall and experience some form of climate shocks such 
as drought or flood are more likely to take up adaptation measures to reduce the impact. These 
adaptation measures include the use of cover crops, mulch, compost, crop residue, use of short 
duration or drought-tolerant crop varieties, and change in planting time. Alternatively, farmers 
who perceive more variability in climate may also have higher production risk and thus more 
risk associated with the adoption of a new practice. Institutional factors such as distance to the 
nearest extension services and agricultural research stations are key determinants of technology 
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adoption. These institutions provide farmers with information, which is necessary for technology 
adoption given that ISFM is a knowledge-based innovation. 
 
2.5 Results 
 
2.5.1 Packages of ISFM: principal component analysis  
The PCA creates uncorrelated indices or components, where each component is a linear 
weighted combination of the initial adoption variables and the components measure different 
dimensions in the data due to their uncorrelated nature (Vyas and Kumaranayake, 2006). The 
adoption variables loaded on a component shows a strong correlation. A high degree of 
correlation among the ISFM practices in the data is indicated by the fewer generated components 
(pairings) by the PCA. 
Three principal components were derived from the five ISFM practices based on which 
the ISFM packages were defined. Table 2.5 shows the three component loadings with the first 
(green manure and crop residue), second (compost and use of mulch), and third combinations 
(green manure and mineral fertilizer) highly loaded on components 1, 2 and 3 respectively. This 
indicates the patterns of adoption of ISFM practices by farmers in their own fields. Less than 
20% of the variation in the use of crop residue and mineral fertilizer is unexplained while 30% 
and 38% of the variation in the use of green manure and mulch respectively are unexplained. In 
addition, 44% of the variation in the use of compost is unexplained. This may be attributed to 
high cost of preparing compost resulting in low adoption. 
The pairings of ISFM practices for the first and second packages consist of only organic 
sources, which are essential to increase the organic matter of the soil. The third package 
combines organic and inorganic fertilizers. Farmers make soil investment decisions (whether 
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short or long term) depending on land tenure, land productivity, and budget constraints. Long-
term investment in soil fertility requires the use of organic sources of fertilizers such as crop 
residue, green manure, compost, and mulching. Farmers commonly use combination of residue 
and manure because it is cheaper compared to other practices. These organic sources replenish 
soil organic matter, ameliorate soil acidity, and regulate the chemical and physical properties of 
the soil thus improving the nutrient retention capacity. Combination of compost and mulch 
improves the soil capacity to store moisture, add nutrients not contained in mineral fertilizer, and 
creates a better rooting system. Green manure and mineral fertilizer are likely to be used as 
complements by farmers. The combination improves the availability of phosphorus for plant 
uptake, increase phosphorus, nitrogen, and potassium for plant uptake, improves the rooting 
system, and improves crop response to mineral fertilizer. Mineral fertilizer ensures timely release 
of nutrients (nitrogen, phosphorus, and potassium) for plants. However, there is limited 
information on the existing relationship among these packages. The ensuing section explores the 
existing relationship regarding the combinations of the ISFM practices by the farmers.  
 
2.5.2 Determinants of ISFM adoption: MVP model results 
I use a multivariate probit model (MVP) to analyze the factors influencing the adoption 
of each of the ISFM practices. The model allows for potential correlation between unobserved 
disturbances and the relationship between the adoptions of the different ISFM practices. 
Complementarity and substitute associations between the ISFM practices is one of the main 
sources of correlation (Belderbos et al., 2004). In the multivariate model, where the adoption of 
several ISFM practices is possible, the error terms jointly follow a multivariate normal 
distribution (MVN) with zero conditional mean, variance normalized to unity (for identification 
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of the parameters) and 𝑛𝑥𝑛 correlation matrix. The non-zero off-diagonal elements in the 
covariance matrix define the complementarity (positive correlation) and substitution associations 
(negative correlation) among the ISFM practices. 
Results of the MVP model10 (Table 2.6) showed that older household heads are more 
(0.7%) likely to adopt compost. The probability of adopting green manure among male-headed 
households is 79% more than female-headed households. Preparation of manure can be relatively 
more labor-intensive especially when plants used for manure are not grown in-situ. Educated 
heads are 34% and 26% less likely to use manure and mineral fertilizer respectively. This result 
contradicts the findings of Teklewold, Kassie, and Shiferaw (2013). On the contrary, education 
may offer alternative livelihood opportunities in off-farm activities thereby reducing labor for 
agricultural production (Scherr and Hazell, 1994). Adoption of manure, compost, and mulch are 
positively associated with years of farming experience. The ISFM practices are complex and 
therefore require the combination of both conventional and indigenous knowledge to enhance 
uptake. Household size reduces the probability of adopting manure (1.3%), compost (2%) and 
mineral fertilizer (4%). This contradicts the expected results. Nevertheless, high demand for food 
and non-food items by large households may limit the extent of investment in improved 
technologies.  
Farmers who practice inter-cropping are more likely to adopt crop residue (40%) and 
compost (30%) and less likely to adopt mulching (31%) compared to farmers who practice 
mono-cropping. The result is consistent with the expected signs especially for mulching which is 
more applicable in mono-crop farming. Distance from farmers’ residence to the farm decreases 
(increases) the probability of using manure (compost). Transporting green plants from distant 
                                                          
10 Table 1.6 shows the MVP estimate of ISFM adoption. Result of the likelihood ratio test (𝜒2 (144) = 674.52, P = 
0:000) shows heterogeneity in the adoption of ISFM practices thus the use of MVP is appropriate. 
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places to a farmer’s field can be labor-intensive. Similarly, farms that are homestead are more 
likely to gain from organic fertilizer such as manure. Farm size is positively associated with the 
use of mineral fertilizer but is negatively associated with the use of compost and mulching. The 
high costs of preparing and maintaining compost make adoption by larger farms more 
challenging. In addition, mulching on a large farm requires considerable labor.  
The slope of farmland has a direct effect on soil fertility because soil nutrients are more 
easily lost to erosion on lands with steep slopes. Farmers with steeper farmlands are more likely 
to adopt residue (31%), manure (53%), and mineral fertilizer (29%) relative to those that 
cultivate on flat plots. Nevertheless, the cost of application of the ISFM practices influence the 
patterns of adoption. The results further demonstrate the importance of combining ISFM 
practices. Farmers with relatively high fertility soils were more likely to adopt residue (18%), 
and compost (21%). Landowners have a lower probability (66%) of adopting crop residue but 
are more likely to use compost (52%) and inorganic fertilizer (87%) relative to tenants. The 
results only suggest a correlation. This is the case where landowners care about the productivity 
of their land thus invest in both long- and short-term SFM practices. Farmers who reside in the 
Northern region are less likely to adopt crop residue (48%), green manure (83%), mulch (21%), 
and mineral fertilizer (69%) relative to farmers in Upper East and Upper West regions. 
Generally, soils in Northern region are more fertile on the average than soils in the Upper regions 
(Fearon, 2000). The result reinforces efforts by development organizations to improve the 
declining soil fertility in the Upper regions of Ghana. 
Climate perception variables such as reported knowledge of climate change, experience 
of long-term change in mean temperature, and prior notice of drought/flood correlates with the 
adoption of ISFM practices. For example, farmers who are aware of climate change and have 
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reported having experienced a long-term change in mean temperature are more likely to use 
compost but less likely to use manure. Top soils are often washed away during flood leaving 
little organic matter to support plant growth. Compost generally increase the organic matter of 
the soil and reduces leaching of soil nutrients. A relatively higher temperature also affects 
microbial activity (decomposition of plant materials) which improves the physical properties of 
the soil. Reported climate shocks related to loss of livestock are negatively associated with 
adoption of residue and manure. Assets such as livestock can be liquidated in times of external 
negative shocks and the returns invested in improved soil technologies. However, farmers who 
experienced loss of livestock are constrained financially and may have fewer resources to 
support the use of organic fertilizers. The result is consistent with the findings of Shikuku et al. 
(2017) who reported that smallholders exposed to negative shocks are less likely to invest in soil 
fertility and land management practices since the initial investments are high and the benefits are 
in the future. 
Institutional factors such as distance to extension and research are significantly and 
negatively associated with the adoption of manure, compost, and mineral fertilizer. Farmers 
located near agricultural extension agents are more likely to adopt each of the practices. The 
result is expected since the practices are knowledge-based technologies. Village factors, which 
capture capital and human assets, have a positive association with the adoption of SFM practices. 
 
2.5.3 Perceptions of climate and choice of soil fertility management  
This section explores how farmers’ perceptions of climate variability and shocks 
influence the choice and relationship of the ISFM practices. Table 2.7 reports the correlation 
matrix of the MVP model for sub-sample of farmers based on their perceptions of climate 
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variabilities and shocks. The first, second, third, and fourth columns show how farmers combine 
different soil fertility management practices based on experience of drought and flood, 
awareness of climate change, experience of long-term change in mean temperature, and long-
term change in mean rainfall respectively. A negative correlation coefficient between the error 
terms of two soil fertility management options suggest that they are substitutes and a positive 
correlation indicates complementarity. The results suggest that almost all the ISFM practices 
complement each other.  
Complementary pair of practices such as crop residue and manure, compost and mulch, 
and mineral fertilizer and manure is common to all farmers. These complementary pairs are 
consistent with the results of the PCA. Farmers use these practices as complements irrespective 
of the climate variabilities and shocks. Adoption of these practices improves the organic 
component of the soil and ensures that nutrients are retained for plant use. The complementary 
pair (manure and mineral fertilizer) established per our result is consistent with the study of 
Marenya and Barrett (2007) who find complementarity association between manure and 
inorganic fertilizer among smallholder farmers in western Kenya. However, Teklewold, Kassie, 
and Shiferaw (2013) found the two practices to be substitutes in rural Ethiopia. 
Climate shocks and perceptions of climate variability have heterogeneous effects on the 
choice of soil fertility management options. Farmers who have experienced either drought or 
flood in the past 10 years (column one) complement crop residue with compost, and mulch. 
Mineral fertilizer also complements manure. However, crop residue and mineral fertilizer are 
used as substitutes suggesting that there is a trade-off between these two practices. The highest 
complementarity association is between crop residue and mulch. Farmers who are aware of 
climate change (column two), do not have a unique combination of ISFM practices aside from 
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the general combinations of practices that is common to all the farmers. Farmers who report 
having experienced long-term change in mean temperature (column three) combine crop residue 
with compost as complements while the adoption of manure is complemented by compost. 
Manure and compost exhibit the highest complementarity association for this group of farmers. 
Similarly, farmers who have experienced long-term change in mean rainfall complement manure 
with compost (column four). 
Complementarity association between residue and mulch is an adaptation strategy to 
reduce the rate of erosion and evapotranspiration. Second, the substitution association between 
residue and mineral fertilizer is an indication that climate shocks shift production investment 
from long-term (crop residue) to short-term (mineral fertilizer) SFM practices. This confirms the 
claim that in the presence of climate shocks, farmers are more likely to make risk-averse 
decisions that has the potential of influencing farm-level performance (Waldman et al., 2017). 
According to Shikuku et al., (2017), farmers are more willing to invest in short term improved 
technologies with lower risk relative to long-term investment with high level of risk. 
Complementarity association between manure and compost is observed among farmers who 
report having experienced long-term change in mean temperature and rainfall over the last 10 
years. High temperature and minimal rainfall have implication on soil infiltration, water 
retention, and activities of soil microbes. Combination of manure and compost increase the soil 
organic matter and nutrient retention due to improvement in the biological and chemical 
properties of the soil. 
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2.5.4 Intensity of ISFM adoption 
Factors influencing the probability of adoption may be different from the extent of 
adoption. The extent of ISFM adoption, measured by the number of soil fertility management 
practices used by farmers (Teklewold, Kassie, and Shiferaw, 2013; Wollni, Lee, and Thies, 
2010) is analyzed using the Poisson regression model. This model is considered appropriate 
given the count nature of the dependent variable. The model can be specified as: 
𝐻𝑁𝑖 = 𝑋𝑖
′𝛽𝑗 + 𝜀𝑖                                                                                    (2.13) 
 
where 𝐻𝑁𝑖 is the number of soil fertility management options (N) adopted by household 𝑖. 𝑋𝑖 is a 
vector of socio-economic, farm, institutional, and village level variables that influence adoption 
of soil fertility management options. 
Table 2.8 reports the result of the factors influencing the intensity of adoption of soil 
fertility management practices by farm households. The result indicates that the significant 
determinants of the number of ISFM practices adopted include gender of household, education, 
household size, farming experience, number of farm plots, farm size, slope of farmland, soil 
status, farmers’ location, experience of drought/flood, loss of livestock, long-term change in 
mean temperature and mean rainfall, distance to extension, research stations and village level 
controls such as proportion of village members with television, car, cell phones, and proportions 
of literate village members. Male-headed households are likely to adopt 0.346 times more ISFM 
practices than female-headed households. This confirms the problem of wide gender inequality 
in northern Ghana. Tambo (2016) also found that men are more likely to adopt climate 
adaptation measures than female-heads in north-east Ghana. The result suggests that educated 
farmers are less likely to adopt more ISFM practices than non-educated farmers. Households 
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with one additional member have adopted 0.034 fewer ISFM practices, all else equal. Individuals 
with one more year of farming experience and number of farm plots have 0.007 and 0.050 more 
adoptions of ISFM practices respectively. Increased number of farm plots may provide an 
opportunity to experiment with ISFM practices based on which a choice is made. Similarly, 
farmers’ experience in farming may influence their risk perceptions and preferences about 
agricultural technologies and practices. 
An individual with one more hectare of land is predicted to have 0.023 less adoption 
ISFM practices, other things equal. Most of these farmers are resource poor, therefore are more 
likely to adopt only few of the practices that they can effectively manage. Farmers who cultivate 
on farmlands that are not flat are likely to adopt 0.241 times more ISFM practices than those who 
cultivate on flat lands. Sloped farmlands are more likely to lose soil nutrients due to erosion. 
Farmers who perceived their soils to be loamy are more likely to adopt 0.117 times more ISFM 
practices than those who perceive their soil to be otherwise. Soil fertility in northern Ghana is 
low thus the need to educate and encourage farmers to adopt soil fertility management practices. 
Farmers who reside in Northern region are less likely to adopt 0.520 additional ISFM practices 
than those who resides in the Upper East and West regions. The results suggest the need to 
intensify soil fertility campaigns and encourage farmers in Northern Region to adopt sustainable 
SFM practices. 
Apart from long-term change in mean temperature, all the perceptions of climate variability 
and shocks variables are negatively associated with the intensity of adoption of ISFM practices. 
Climate-related education and campaigns must be intensified to increase adaption of soil fertility 
management practices and resilience. Agricultural extension agents and research officers provide 
advisory services, therefore, are likely to inform farmers about agricultural technologies and 
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good agricultural practices. Nevertheless, distance serves as a constraint in reaching out to 
farmers. Extension agents in northern Ghana are poorly resourced and located far from the 
farming communities. The result showed that an additional kilometer of distance to extension 
office and research stations have 0.015 and 0.002 less adoption of SFM practices respectively, 
other things equal. 
 
2.6 Conclusion 
This paper finds that farmer perceptions of climate variability and shocks are related to their 
adoption of sustainable agricultural practices and the tradeoffs involved in the choice of these 
practices. Data exploration indicate that most of the farmers in our sample jointly use organic 
and inorganic fertilizers which is contrary to the findings by Sheahan and Barrett (2017) who 
observed that farmers in Ethiopia and Niger seem to use the two as substitutes rather than 
complements. The results show that there is synergy in the use of ISFM practices in northern 
Ghana.  
Three primary findings of the study have a special relevance to the problem of soil 
decline in SSA. First, the probability and extent of ISFM adoption are influenced by a range of 
socio-economic and farm-related factors including education, household size, the slope of 
farmland, distance to extension services, reported experience of drought and flood and loss of 
livestock due to flood and or drought. Second, the study provides insights into the combinations 
of ISFM practices that farmers use. Consistent with recent literature (Sheahan and Barrett 2017), 
I find ISFM practices to be interrelated. Three packages of ISFM used by farmers in their own 
fields were identified. Two of the packages consist of organic pairs of fertilizer while the third 
package combines organic and inorganic fertilizer. This result highlights farmers’ appreciation of 
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ISFM practices in their farming systems and should contribute to the design of extension policies 
about the possible realistic combinations of ISFM component strategies promoted as either 
complements or substitutes. Third, heterogeneity exists in the combinations of ISFM practices 
adopted by farmers depending on their perceptions of climate variability and shocks. The choice 
of these practices is adaptive response to these perceptions and shocks. Farmers are more likely 
to complement crop residue with compost when exposed to drought and flood, and long-term 
change in temperature. Similarly, farmers exposed to long-term change in temperature and 
rainfall are more likely to use manure and compost. These complementary practices enhance 
nutrient retention capacity of the soil, replenish soil organic matter, and create a better rooting 
system. The complementarity association between crop residue and mulch may be an adaptive 
response to precipitation shocks. These practices enhance water retention capacity of the soil, 
prevent weeds growth, and improve the rooting system. There is a shift of farmers’ production 
investment from long-term and less costly (crop residue) ISFM practices to short-term and costly 
(mineral fertilizer) ISFM practices when they report exposure to drought and flood. However, 
the trade-off in the adoption of ISFM practices is associated with wealth status of the farmer. 
Wealthy farmers are more likely to use mineral fertilizer (i.e. expensive) while poor farmers are 
more likely to plough-in crop residue (i.e. less expensive). Improvement in access to the fertilizer 
subsidy program is necessary to encourage poor farmers to complement mineral fertilizer with 
crop residue. Complementarity association between manure and compost is common among 
farmers who report having experienced long-term change in mean temperature and rainfall. 
These practices regulate soil chemical and physical properties that affect nutrient storage and 
availability as well as root growth.  
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The findings of this study emphasize the importance of understanding the relationship 
between ISFM practices and climate shocks for effective targeting and promotion of ISFM 
technologies. In particular, the findings suggest that understanding local farmer perceptions of 
climate variability and shocks will be critical to guide future adaptions strategies and campaigns 
about climate change and possible mitigation efforts. Access to information regarding good 
agricultural practices is necessary for improving farmers’ technical ability regarding their farm 
and commercialization decisions. This can be achieved by adequately resourcing extension 
agents to enhance access and delivery of appropriate SFM adaption strategies. In addition, 
farmers must also be encouraged to combine SFM practices rather than using just a single 
farming technique. This study is limited in terms of recommending the cost-effective ISFM 
package based on a cost-benefit analysis. The MVP model is unable to identify the relationship 
among three ISFM practices. While the study has provided useful insights, aspects of ISFM 
practices that can influence household welfare remain unexplored. Collection and analysis of 
panel data would allow for a more comprehensive assessment of the dynamic effects of adoption 
of ISFM. This remains for future study. 
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2.7 Tables and Figures 
 
Table 2.1: Distribution of sampled households by region 
Region District 
Communities Households 
(5 per district) (10 per community) 
Northern 10 50 500 
Upper West 6 30 300 
Upper East 6 30 300 
Total 22 110 1,100 
 
Table 2.2: Summary of ISFM practices used by sample farmers 
ISFM Practices Number Percentage Farm size (ha) 
Non-adopters of ISFM practices (N=37) 37 3.83% 4.83 
Single ISFM practices (N=217)    
Plough in crop residue 108 11.18% 3.79 
Green manure 0  0.00 0.00 
Use of compost 2 0.21% 2.00 
Mulching  2  0.21% 3.80 
Use of mineral fertilizer 105 10.87% 4.87 
Two combinations of ISFM practices (N=280)    
Manure and crop residue  11 1.14% 2.67 
Manure and mulch 0 0.00 0.00 
Manure and mineral fertilizer 11 1.14% 3.05 
Manure and compost 1 0.10% 1.40 
Crop residue and mulch 18 1.86% 2.66 
Crop residue and mineral fertilizer 176 18.22% 4.09 
Crop residue and compost 7 0.72% 3.34 
Mulch and mineral fertilizer 31 3.21% 2.65 
Mulch and compost 5 0.52% 2.76 
Fertilizer and compost 20 2.07% 2.94 
Three combinations of ISFM practices (N=303)    
Manure, residue and compost 1 0.10% 1.20 
Manure, residue and mulch 4 0.41% 2.90 
Manure, residue and mineral fertilizer 177 18.32% 2.88 
Manure, compost and mulch 0 0.00 0.00 
Manure, compost and mineral fertilizer 0 0.00 0.00 
Manure, mulch, and fertilizer 1 0.10% 3.00 
Crop residue, compost, and mulch 11 1.14% 3.42 
Crop residue, compost, and mineral fertilizer 34 3.52% 3.48 
Crop residue, mulch, and mineral fertilizer 69 7.14% 4.21 
Compost, mulch, and mineral fertilizer 6 0.62% 2.73 
Four combinations of ISFM practices (N=119)    
Manure, crop residue, mulch, and compost 3 0.31% 4.53 
Manure, crop residue, mulch, and mineral fertilizer 35 3.62% 2.42 
Manure, mulch, compost, and mineral fertilizer 1 0.10% 4.80 
Manure, crop residue, compost, and mineral fertilizer 42 4.35% 2.21 
Crop residue, mulch, compost, and mineral fertilizer  38 3.93% 3.04 
Five combinations of ISFM practices (N=10)    
Crop residue, manure, mulch, compost, and mineral fertilizer 10 1.04% 2.92 
Total 966   
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Table 2.3: Farmers’ perceptions of climate variability and shocks in northern Ghana 
Perceptions of climate variability Total Northern  Upper East  Upper West  
𝝌𝟐 
and shocks  (n=966)  (n=424)  (n=258)  (n=284) 
Aware of climate change 560 (58.0) 225 (53.1) 103 (39.9) 232 (81.7) 104.26*** 
Experience drought/flood 
546 (56.5) 231 (54.5) 71 (27.5) 244 (85.9) 188.87** 
in the last 10 years 
Long-term change in mean 
929 (96.2) 405 (95.5) 244 (94.6) 280 (98.6) 6.79** 
Temperature 
Long-term change in mean 
935 (96.8) 408 (96.2) 245 (95.0) 282 (99.3) 8.95** 
Rainfall 
Notes: Figures in parentheses are percentages and without are counts. The total percentage does not add up to 100 
since perceptions were listed independently. The significance of the chi-square statistics indicates the differences in 
farmer perceptions of climatic variability across regions.  ***𝝆<0:01; ** 𝝆< 0:05; * 𝝆< 0:1. 
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Table 2.4: Summary statistics of explanatory variables by adoption status 
Variable 
Non-adopters 
(N=37) 
 Low Adopters 
(N=497) 
 High Adopters 
(N=432) 
Mean Std. Dev.  Mean Std. Dev.  Mean Std. Dev. 
Household and farm variables         
Age of household head 46.51 15.40  47.78 14.65  46.34 13.59 
Gender of household head (1=Male) 0.97 0.16  0.94 0.23  0.97 0.17 
Education status (1=Educated) 0.22 0.42  0.51 0.50  0.36 0.48 
Household size 10.46 4.89  9.29 4.31  7.66 3.40 
Years of farming  5.86 3.31  12.30 10.37  13.41 10.11 
Cropping system (1=Intercropping) 0.84 0.37  0.82 0.39  0.77 0.42 
Number of farm plots 3.19 1.24  3.04 1.48  2.82 2.10 
Distance to farm parcel 1.95 2.10  2.07 2.37  1.48 1.61 
Farm size 4.83 4.26  3.91 5.02  3.08 2.07 
Slope of farm land (1=Slope) 0.49 0.51  0.79 0.41  0.85 0.35 
Soil status (1=Loamy) 0.35 0.48  0.41 0.49  0.57 0.50 
Residence of farmer (1=Northern) 0.86 0.35  0.50 0.50  0.33 0.47 
Land ownership (1=Owner) 0.92 0.28  0.90 0.30  0.93 0.25 
Climate related variables         
Suffered from drought/flood (1=Yes) 0.41 0.50  0.71 0.46  0.41 0.49 
Experience injury due to drought/flood 
(1=Yes) 
0.00 0.00  0.00 0.04  0.00 0.07 
Knowledge of climate change (1=Yes) 0.32 0.47  0.63 0.48  0.55 0.50 
Long-term change in mean temperature 
(1=Yes) 
0.97 0.16  0.97 0.18  0.96 0.21 
Prior notice of drought/flood (1=Yes) 0.16 0.37  0.14 0.35  0.08 0.27 
Long-term change in mean rainfall 
(1=Yes) 
1.00 0.00  0.97 0.16  0.96 0.20 
Institutional factors         
Distance to nearest research office 65.85 50.85  30.05 33.28  30.61 32.44 
Distance to extension services 11.26 6.14  11.40 7.66  11.21 8.84 
Village level controls         
Number of TVs  15.30 26.95  16.91 22.95  22.15 23.50 
Number of bicycles  68.38 32.02  51.55 33.49  50.89 29.42 
Number of motorbikes 35.68 30.49  22.03 23.51  23.63 24.58 
Number of cars  0.41 0.96  0.59 1.49  0.81 1.41 
Number of tractors 0.57 1.12  0.50 1.47  0.41 0.83 
Number of cell phones 65.54 28.18  55.90 30.70  52.80 30.31 
Proportion of male literates 19.80 21.35  21.21 20.95  22.14 18.88 
Proportion of female literates 9.549 9.58   11.44 14.52   9.42 10.81 
Notes: Non-adopters are farm households currently not using any of the soil fertility management (SFM) practices. Low adopters 
are farm households that adopts any two of the SFM practices. High adopters are farm households that are currently using more 
than two of the SFM practices. Low adopters are statistically significant different from non-adopters in terms of education (***), 
years of farming (***), slope of farm land (***), residence of farmer (***), suffered from drought/flood (***), knowledge of 
climate change (***), and long-term change in mean rainfall (***). High adopters are statistically significant different from non-
adopters in terms of education (**), household size (***), years of farming, farm size (***), slope of farm land (***), soil status 
(**), residence of farmer (***), knowledge of climate change (***), and long-term change in mean rainfall (***). ***𝝆<0:01; 
** 𝝆< 0:05; 
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Table 2.5: Components loading of ISFM practices 
Variable Component 1 
 Component 2  Component 3  Unexplained 
Crop residue 0.822       
 0.170 
Green manure 0.556     0.436 
 0.279 
Compost    0.666    
 0.442 
Mulch    0.721    
 0.375 
Mineral fertilizer             0.873  0.140 
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Table 2.6: Coefficient estimates of the multivariate probit model 
Variable 
Crop 
Manure Compost Mulch 
Mineral 
 residue fertilizer 
Household and farm variables      
Age of household head 0.004 -0.001 0.007* 0.000 -0.002 
 (0.004) (0.004) (0.004) (0.004) (0.004) 
Gender of household head  0.185 0.788*** -0.066 0.356 -0.07 
(1=Male) (0.233) (0.289) (0.252) (0.246) (0.269) 
Education status (1=Educated) -0.146 -0.336*** -0.112 0.042 -0.258** 
 (0.116) (0.121) (0.125) (0.113) (0.127) 
Household size 0.001 -0.097*** -0.037** -0.010 -0.038*** 
 (0.013) (0.018) (0.018) (0.014) (0.013) 
Years of farming  0.001 0.013** 0.016*** 0.014*** 0.003 
 (0.005) (0.005) (0.005) (0.005) (0.005) 
Cropping system (1=Inter- cropping) 0.396*** -0.082 0.304** -0.313*** 0.011 
 (0.119) (0.128) (0.146) (0.114) (0.131) 
Number of farm plots 0.037 -0.009 -0.050 0.096*** -0.006 
 (0.033) (0.033) (0.036) (0.031) (0.034) 
Distance to farm parcel 0.009 -0.251*** 0.066*** 0.011 -0.04 
 (0.023) (0.041) (0.025) (0.024) (0.026) 
Farm size -0.016 -0.026 -0.051** -0.043* 0.033* 
 (0.012) (0.027) (0.026) (0.023) (0.017) 
Slope of farm land (1=Slope) 0.313*** 0.529*** 0.114 0.165 0.287** 
 (0.121) (0.145) (0.146) (0.129) (0.127) 
Soil status (1=Loamy) 0.183* 0.124 0.211* 0.011 -0.026 
 (0.100) (0.106) (0.111) (0.097) (0.104) 
Residence of farmer (1=Northern) -0.480*** -0.831*** -0.158 -0.213* -0.692*** 
 (0.130) (0.139) (0.143) (0.127) (0.138) 
Land ownership (1=Owner) -0.661*** -0.071 0.519** -0.145 0.872*** 
 (0.219) (0.191) (0.221) (0.165) (0.162) 
Climate related shocks      
Experience injury due to drought  -0.201 -0.235 6.307 1.133 -0.374 
or flood (1=Yes) (0.868) (0.782) (126.356) (0.744) (0.727) 
Knowledge of climate change 0.120 -0.416*** 0.299** 0.107 -0.024 
 (1=Yes) (0.108) (0.113) (0.121) (0.104) (0.115) 
Experience long-term change in   0.536 -0.683** 1.549*** 0.105 0.094 
mean temperature (1=Yes) (0.328) (0.320) (0.544) (0.309) (0.366) 
Prior notice of drought/flood  -0.261* -0.077 -0.380** -0.087 -0.219 
(1=Yes) (0.156) (0.190) (0.184) (0.153) (0.166) 
Experience long-term change in  -0.529 -0.054 -0.655 -0.048 -0.234 
 mean rainfall (1=Yes) (0.383) (0.352) (0.487) (0.335) (0.396) 
Loss of livestock (1=Yes) -0.340*** -0.446*** 0.044 -0.012 -0.184 
 (0.131) (0.162) (0.157) (0.137) (0.140) 
Institutional factors      
Distance to extension services 0.005 -0.021*** -0.040*** 0.003 -0.017** 
 (0.007) (0.008) (0.008) (0.006) (0.007) 
Distance to nearest research office 0.001 0.004** -0.003* -0.007*** -0.008*** 
 (0.002) (0.002) (0.002) (0.002) (0.002) 
Constant 0.842 1.380** -2.780*** -0.901* 1.312** 
 (0.519) (0.559) (0.660) (0.514) (0.541) 
Village level controls Yes Yes Yes Yes Yes 
Observations 966 966 966 966 966 
Likelihood ratio test:  Wald Chi2 (145) = 674.52  Prob.>Chi2=0.000  
Notes: Robust standard errors are in parenthesis. Village level controls are proportion of male and female literate, proportion of 
population with motor, bicycle, car, tractor, cell phone, and irrigation infrastructure. ***𝝆<0:01; ** 𝝆< 0:05; * 𝝆< 0:1. 
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Table 2.7: Correlation matrix from MVP model by climate status 
Combination of soil fertility Drought Awareness of  Long-term change Long-term change 
management practices due and flood Climate change in temperature in mean rainfall 
to perceptions of climate (1) (2) (3) (4) 
Crop residue and manure 0.232** 0.359*** 0.479*** 0.501*** 
 (0.101) (0.089) (0.059) (0.058) 
Crop residue and compost 0.171*  0.139**  
 (0.103)  (0.069)  
Manure and Compost   0.233*** 0.157** 
   (0.068) (0.068) 
Crop residue and Mulch 0.167**    
 (0.079)    
Compost and Mulch 0.301*** 0.255*** 0.269*** 0.226*** 
 (0.085) (0.078) (0.063) (0.061) 
Crop residue and Mineral  -0.146*    
Fertilizer (0.087)    
Manure and Mineral  0.230** 0.168* 0.272*** 0.125* 
Fertilizer (0.092) (0.094) (0.067) (0.068) 
Observation 546 560 929 935 
Notes: Numbers in parentheses are the standard errors. Positive correlation coefficient signifies complementary 
associations while negative correlation coefficient represents substitute associations. ***𝝆<0:01; ** 𝝆< 0:05;  
* 𝝆< 0:1. 
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Table 2.8: Determinants of number of SFM practices adopted by households 
Variable Coefficient 
Robust Marginal 
P value 
Std. Err. effect 
Age  0.001 0.001 0.002 0.002 
Gender 0.146 0.077 0.346 0.044 
Education -0.075 0.034 -0.179 0.017 
Household size -0.014 0.004 -0.034 0.000 
Farming experience 0.003 0.001 0.007 0.044 
Cropping system 0.023 0.035 0.054 0.482 
Number of farm plots 0.021 0.010 0.050 0.025 
Distance to farm parcel -0.008 0.007 -0.019 0.213 
Farm size -0.010 0.005 -0.023 0.025 
Slope of farm land 0.101 0.041 0.241 0.005 
Soil status 0.049 0.029 0.117 0.068 
Farmers' location -0.218 0.037 -0.520 0.000 
Land ownership 0.079 0.050 0.186 0.096 
Experienced flood or drought -0.182 0.031 -0.433 0.000 
Loss of livestock  -0.077 0.050 -0.183 0.094 
Awareness of climate change 0.035 0.032 0.083 0.255 
Change in mean temperature 0.118 0.081 0.282 0.104 
Change in mean rainfall -0.123 0.068 -0.292 0.058 
Distance to extension -0.006 0.002 -0.015 0.000 
Distance to research -0.001 0.000 -0.002 0.021 
Village level controls Yes  
Pearson goodness-of-fit 324.679  
Prob. > chi2 (937) 1.000  
Observation 929  
Notes: Village level controls are proportion of male and female literate, proportion of population with motor, bicycle, 
car, tractor, cell phone and irrigation infrastructure. The sample is restricted to only farmers who use at least one ISFM 
practices. ***𝝆<0:01; ** 𝝆< 0:05; * 𝝆< 0:1. 
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Figure 2.1: Classification of ISFM based on cost and effect 
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Figure 2.2: Perceptions of climate variability and shocks for northern Ghana  
Notes: The values in parentheses represent percentage of farmers who have experienced one form of climate 
variability or shock.  
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Figure 2.3: Venn diagram of ISFM practices 
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Figure 2.4: Mean annual rainfall for farming season (1999-2017) 
 
 
 
Figure 2.5: Standard deviation rainfall (1981-2017) 
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Figure 2.6: Mean annual temperature for farming season (1999-2017) 
 
 
Figure 2.7: Standard deviation temperature (1981-2017) 
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CHAPTER 3 
INFORMATION AND FARMERS’ WILLINGNESS TO PAY FOR IMPROVED 
SOYBEAN VARIETIES: EXPERIMENTAL EVIDENCE FROM GHANA.11 
 
3.1 Introduction 
Soybean cultivation in Sub-Saharan Africa (SSA) contributes to household income, 
human nutrition, sustainable crop production, food security, and biofuel feedstock. It is also an 
important source of feed for livestock and fish (Bruns, 2016; Sales et al., 2016; Hellal and 
Abdelhamid, 2013; Masuda and Goldsmith, 2009). The nutritional importance of soybean is 
supported by the fact that it consists of 40% protein, 30% cholesterol free oil, and essential 
vitamins for human development (El Agroudy et al. 2011). With recent declining soil fertility in 
SSA and subsequent negative effect on food security (Graaff, Kessler, and Nibbering, 2011), 
soybean’s capacity to improve soil fertility by fixing 100 Kg N/ha or more through symbiotic 
fixation from the atmosphere and mineralized organic matter is critical (Ronner et al., 2016; 
Hellal and Abdelhamid, 2013). Despite its importance, biotic constraints such as erratic rainfall, 
drought, pests, and plant diseases negatively affect yields. According to Morton (2007), African 
smallholder farmers stand the chance to improve their resilience if there exists a mechanism that 
allows them to spread their short-term risk and adopt varieties that are adaptable to changing 
climatic conditions. In response to these constraints, research organizations have been 
developing new varieties that are high yielding and tolerant to drought, pests, diseases and 
resistant to pod shattering. However, absence of critical information on these improved varieties 
coupled with false beliefs and wrong perceptions may hinder resource-poor farmers in making 
optimum decisions (Banerjee and Duflo, 2012).  
                                                          
11 I would like to thank Alex Winter-Nelson for streamlining the research idea and providing valuable 
feedback. Presentation of the paper at IPAD seminar at the University of Illinois and CSAE Conference at 
Oxford provided valuable suggestions that led to great improvement of the earlier version.  
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Introduction of new agricultural technologies are associated with high uncertainty and 
risk (Sadoulet and De Janvry, 1995) resulting in low adoption among risk averse farmers. Jack 
(2013) established that profitable technologies may be characterized by low adoption when there 
is lack of information about their availability and use. Studies have shown that adoption is 
enhanced by providing critical information about the availability and profitability of the 
technology (de Janvry, Dustan and Sadoulet, 2010; Foster and Rosenzweig, 2010). Similarly, 
information enhances early adoption irrespective of the complexities associated with the 
technology. Meanwhile, Mawazo (2015) argued that access to information is commonly stalled 
by poor infrastructure, illiteracy, financial constraints, and poor communication methods. In 
view of this, several innovative extension approaches (such as private or paid extension services, 
community-wide extension services, farmer group extension services, farmer field schools, and 
more recently Information and Communication Technology (ICT)-based extension services) 
have been designed to transfer agricultural information to farmers in different parts of the world 
(Asenso-Okyere and Mekonnen, 2012). Nevertheless, conventional methods12 continue to be the 
main approach and are characterized by poor targeting and reach, high cost of information 
dissemination, inadequate personnel and logistics (Asenso-Okyere and Mekonnen, 2012; 
Fawole, and Olajide, 2012). This approach has been shown to be ineffective due to the low 
number of contacts with farmers annually. Farmers who do not have access to extension services 
generally learn from their peers. 
In this paper, I examine the role of information from crop participatory research (CPR)13 
on farmers’ willingness to pay (WTP) for improved soybean varieties in northern Ghana. 
                                                          
12 The conventional method involves the use of public agricultural extension agents in the dissemination of good 
agronomic practices to smallholder farmers. 
13 Crop participatory research (CPR) is used in the context of on-farm evaluation of soybean traits and participatory 
varietal selection (PVS) 
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Participatory research is a mechanism of actively engaging all relevant stakeholders in the 
development and evaluation of new technologies (Johnson, Lilja, and Ashby, 2003). Crop 
breeding and participatory varietal selection (PVS) are essential components of CPR. PVS is an 
approach that provides feedback to breeders and agronomist based on end users’ evaluation of 
on-station and on-farm performance of varieties emerging from breeding programs (Witcombe et 
al., 1996). However, PVS may not provide all the critical information required to specifically 
analyze farmers’ preferred soybean varieties. Improved varieties may be associated with negative 
attributes such as unusual color, smaller size of pod, and early shattering which may hinder 
adoption and market acceptability. These undesirable traits are likely to be observed on the field 
at different developmental stages of the soybean, therefore, participation in on-farm research is 
critical in the adoption process. I provide all farmers in the sample with two different types of 
information given that farmers may not be fully aware of the production and commercial 
attributes of new varieties of soybean. First, I provide information on production attributes such 
as maturity date, biomass weight, plant count at flowering, ease of threshing, pod development, 
shattering, and yield. Second, I provide information on trade attributes (such as color, size, 
debris, and oil content14) that have high commercial value. A subset of soybean farmers in the 
sample (referred to as participants) physically inspect the varieties on the field one and half 
month after seed sowing followed by participation in yield evaluation and varietal selection 
during harvest.  
Using several methods to provide information on improved soybean varieties will 
enhance farmers’ understanding and choice of the variety to adopt. Norwood and Lusk (2011) 
argue that a form of social desirability bias is likely to occur where promoters of new agricultural 
                                                          
14 The traders do not directly observe oil content but the variety is used as a proxy for the level of oil content.  
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technologies do not get accurate feedback of farmers’ preferences, but farmers are more inclined 
to reward the promoters of the technology. This study used two elicitation methods – stated non-
binding rankings and revealed bids from binding experimental auctions to evaluate the impact of 
production and market information on farmers’ preferences for soybean varieties. The study tests 
the hypothesis that participation in CPR influences farmers’ preferences ordering and WTP for 
improved soybean varieties. To test this hypothesis, I engage smallholder soybean farmers in 
northern Ghana (the region accounts for more than 70% of the national soybean production in 
Ghana) (Gage et al., 2012). The main outcomes are preference ordering and WTP for improved 
soybean varieties. 
By exploring farmers' preferences for improved soybean varieties, I make the following 
contributions to the broader literature on agricultural technology adoption. Most of the 
preference studies in the literature are based on consumer behavior (Oparinde et al., 2016; De 
Groote, Kimenju, and Morawetz, 2011; De Groote et al., 2010; Stevens and Winter-Nelson, 
2008) with few assessments on both production and consumption perspective (Waldman, Kerr, 
and Isaacs, 2014; Asfaw et al., 2012; Dalton, 2004) given the assumption of non-separability of 
farm households. This study is closely related to Waldman et al. (2014) who assessed the impact 
of production and nutrition information on farmers’ willingness to pay for improved beans in 
Rwanda. They observed that participating in on-farm research and binding elicitation methods 
appears to improve accuracy in predicting adoption of new varieties. This study departs from 
Waldman et al., (2014) in the following ways: I focus on production and market information 
since soybean is largely a cash crop (Amanor-Boadu et al., 2015) and forms just a small 
proportion of household consumption although significant efforts are being made by 
development practitioners to increase direct consumption of soybean. I assume that farmers are 
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more likely to value market attributes more than consumption attributes. Following this 
assumption, I combine both the production and marketing attributes of the improved soybean in 
a field experiment to elicit farmers' preferences for soybean varieties. Generally, this study 
contributes to the emerging literature on using field experiments to analyze market inefficiency 
in the use of modern inputs (de Janvry, Sadoulet, and Suri 2017). Specifically, WTP for soybean 
is significantly influenced by household demographics, farm characteristics, institutional factors, 
participation in on-farm soybean evaluations, risk, and district level controls. Second, 
participants in on-farm research who received production and market information have lower 
WTP for improved soybean varieties when compared to non-participant farmers who received 
pictorial information on production and market conditions. These findings highlight the critical 
role of information in addressing the tendency for farmers to misreport their WTP. Third, WTP 
for each of the soybean varieties is consistently higher when farmers have both production and 
market information relative to having only production information. Fourth, I find evidence of 
preference heterogeneity for soybean varieties across different locations within the study area. 
Finally, the results showed a consistent ordering in farmers’ preferences for soybean varieties 
irrespective of the preference elicitation methods employed. This information will enable 
breeders to incorporate both production and market attributes in the development of improved 
soybean varieties to increase adoption and boost domestic production to meet the growing 
demand. 
 
3.2 Background: soybean production in Ghana 
Soybean (Glycine max L.) is a major commercial and industrial crop grown in the 
northern part of Ghana. It is a good source of feed for livestock and poultry and dense with 
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protein and oil for human consumption (MoFA, 2006). The crop was first introduced in Ghana in 
1910 and cultivated by local farmers in the northern sector (Plahar, 2006). Successive 
promotions and sensitization by the Ministry of Food and Agriculture (MoFA) and non-
governmental organizations (NGOs) gradually gained momentum that resulted in increased 
soybean cultivation in response to the growing poultry industry. However, utilization and 
processing of the crop is low and inadequate (Plahar, 2006) relative to maize, rice and peanut. 
The low use of soybean within the household have led to increased campaign for soybean 
incorporation into the diet of children to reduce malnutrition (Mbanya, 2011). 
Most of the farmers engaged in production of soybean in northern Ghana are 
smallholders with an average farm size of less than 0.8 hectares (SRID, 2015) and average yield 
0.5MT/ha relative to maize (1.12 MT/ha national average), and rice (0.7MT/ha national average) 
(Amanor-Boadu et al., 2015). Yields have been relatively low due to low adoption of improved 
varieties. Climatic variability and deviation from good agronomic practices further reduce 
soybean yields. The current lag in domestic demand is bridged through import (Gage et al., 
2012). However, Ghana has witnessed positive growth rate of 16 percent in soybean production 
over the period 2002-2014 with the highest production volume recorded in 2011 (MoFA, 2015). 
Increase in production volume of soybean results from increase in land under cultivation and not 
the use of improved technologies or greater factor productivity. Production volume is further 
projected to increase due to the technical and financial support from development partners like 
the United States Agency for International Development (USAID), Alliance for a Green 
Revolution in Africa (AGRA), and Bill and Melinda Gates Foundation (Avea et al., 2016). 
Soybean research and development programs in Ghana have received much support from 
the International Fertilizer Development Corporation (IDFC), TechnoServe Ghana, N2Africa, 
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Cooperative for Assistance and Relief Everywhere (CARE) International, and the Agricultural 
Development and Value Chain Enhancement (ADVANCE). The Savanna Agricultural Research 
Institute (SARI) of the Council for Scientific and Industrial Research (CSIR) has the primarily 
responsibility to develop improved soybean varieties in Ghana with financial support from 
AGRA and USAID. Currently, SARI has released several improved soybean varieties as output 
of breeding programs. Most of the breeding programs were in response to minimizing the 
harmful effect of the parasitic weed (Striga hermonthica), increasing yield, reducing maturity 
period, and increasing tolerance to drought. Three of the improved varieties namely “Afayak” 
(TGX 1834-5E) and “Songda” (TGX 1445-3E), and “Suong-Pungun” (TGX 1799-8F) were 
accepted and released by the National Variety Release and Technical Committee (NVRTC) in 
December 2012. Prior to the release of these varieties, SARI had developed and released other 
varieties like “Salintuya I”, “Salintuya II”, “Jenguma” (Tax 1448-2E), and “Quarshie” (Tax 
1445-2E). The “Jenguma” variety is high yielding and resistant to pod shattering while the 
“Quarshie” variety is drought-tolerant and suitable for cultivation in Upper East Region of 
Ghana where rainfall is erratic and climatic conditions are poor. The “Salintuya I”, and 
“Salintuya II” are both high yielding under research station conditions but exhibit early pod 
shattering (Savanna Agricultural Research Institute, 2014). 
Aggregation of soybean occurs at the farm gate immediately after harvest as most farm 
households have poor or no storage structures. Soybean storage is costly due to high 
maintenance cost, theft, and supervision. Most of the farmers who store soybean use traditional 
storage structures thus exposing the grains to high incidence of pest and weevil infestation. This 
results in poor quality grains and subsequently lower the market value. Lack of proper 
ventilation increased the probability of the grains being moldy and discolored which may lead to 
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price discounting at the time of sale. Grading of soybean is largely by sight and highly subjective 
which is normally tied to specifications such as size, shape, and color (Mbanya, 2011). However, 
the value on the trade attributes of soybean differ significantly across trader types (wholesalers, 
processors, and retailers). This is largely driven by the end use of the soybean. Processors have 
higher value for color, size, and variety type than aggregators and retailers. Similarly, retailers 
value the color attribute higher than the aggregators.  
 
 
3.3 Context and Experimental Design 
This study is designed to ascertain whether information on production and market 
attributes of soybean combined with information from CPR influence the rankings and WTP for 
improved soybean varieties. Figure 3.1 shows the set-up of the experiment. Sampling of 
participant and non-participant farmers occurred at the end of May 2018 followed by sowing of 
the seeds in the first week of June 2018. A pre-auction survey and auctions were conducted 
separately for the two groups of farmers. The auctions for the non-participant farmers (conducted 
on second week of June 2018) were organized at the community level after a brief discussion 
with the invited farmers. Non-participants receive information on production and market 
attributes for the three varieties in a pictorial form based on which stated rankings and 
experimental auctions were conducted to elicit their preferences for each of the soybean 
varieties. Interaction with the non-participant farmers indicated that they did not have prior 
knowledge of the soybean varieties. Participant farmers receive information on production and 
market attributes and participate in on-farm demonstrations and PVS on two separate visits 
organized by trained extension officials with technical backstopping from SARI. The first field 
day (conducted on the third week of July 2018) was organized just at the time the pods were 
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developed and the varieties could be clearly differentiated. The second field day was organized 
during harvest (second week of September 2018) to assess the yield of each of the varieties. The 
participants also had the opportunity to assess the ease of threshing, color, shape, and size of the 
different soybean varieties. Auctions for the participant farmers followed immediately after the 
field days. In all, 18 auctions were conducted consisting of nine in Northern Region, five in 
Upper East Region and four in Upper West Region (Table 3.1). 
 
3.3.1 Experimental auction: Vickery mechanism and procedure 
In the absence of market data, WTP can be estimated through experimental auctions and 
stated preference methods. Stated preferences have been criticized due to the hypothetical nature 
of the questions and inability to observe the actual behavior of participants (Loureiro, 
McCluskey, and Mittelhammer, 2003). In contrast, experimental auctions allow the researcher to 
elicit revealed WTP for a product using real money and real goods to create market situations. 
Auction mechanisms are among the mechanisms considered to be incentive compatible where 
participants' weakly dominant strategy is to reveal their 'true' value for the auction good (Lusk 
and Shogren, 2007). A demonstration of the concept of dominance is highlighted in the appendix 
and the results are reported in Table B1.  
Vickery auction is an incentive compatible mechanism in which bidders submit written 
bids without knowing the bid of the other participants in the auction. The highest bidder wins the 
auction, but pays the next highest bid chosen as the market price for the good. Several forms of 
auction mechanisms are articulated in the seminal paper of Vickrey (1961). The Vickery auction 
mechanism ensures that truth revealing about an individual valuation of the good is a dominant 
strategy since it does not require analysis of information about the intentions of competitors. 
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Simply put, “truth telling” is always a dominant strategy. Second, it leads to complete economic 
efficiency given that the bidder with the highest bid always wins. Third, if bidders draw their 
independent private values from the same distribution, then the expected return to the bid taker 
for the different types of auctions is the same with equilibrium behavior (Lusk and Shogren, 
2007; Rothkopf, Teisberg, and Kahn, 1990). 
This study specifically employs the third price auction where the bidder with the highest 
bid pays the third highest bid. In this mechanism, the third highest bidder's value is selected as 
the “market price" for each of the soybean variety and the participant who offers the highest bid 
wins and pay the market price. A total quantity of 500g of soybean seed, which is enough to 
plant 0.3 acres15 was used for the auction. The proposed steps in the paper of Waldman, Kerr, 
and Isaacs (2014) were followed with some modifications to suit the context of this study. The 
activities are listed below: 
Activity 1: Prior to any of the activities, a community entry and sensitization were 
conducted in each of the auction sites to inform the community members about the intention of 
the research and to dispel the suspicion of engaging in gambling. A pre-auction survey which 
captures information on socio-economic, demographic, production, and commercialization 
decisions of the farmers was conducted just after the sensitization. Two bid sheets with uniquely 
labelled ID numbers were given to each of the participants, which was followed by reading out 
an oral informed consent agreement to each of the participants. I select one of the community 
members16 (referred to as the record keeper) to keep record of all the transactions and declare the 
winner of the auctions. 
                                                          
151 hectare=2.47 acres 
 
16Numerical literacy and high level of acceptance by community members were the main criteria used in the selection 
of the record keeper.  
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Activity 2: The facilitator described in detail the third price Vickery auction mechanism 
and participants received $1 USD which they could bid on either or both goods (a pack of 
biscuits worth 45 cents and candy bar also worth 45 cents) for the practice round using a separate 
bid sheet. Bid sheets were collected from the participants and ranked from highest to lowest and 
the highest bidder was made to pay the third highest price in exchange for the goods (biscuit and 
candy bar). The practice round was done to ensure that farmers understood the process. 
Activity 3: 500g of each of the three varieties of soybean with their respective local names 
were presented to the farmers for visual inspection. The three varieties were randomly arranged 
on a table per each auction round by blindly selecting from a big sack that contained all the three 
separately packaged varieties. 
Activity 4: To satisfy the rationality constraint17, each of the participants were given a 
participation fee of $1.5 USD, which brought the total participation fee to $2.5 USD. This 
amount is higher than the average daily unskilled wage ($2 USD) in the study area at the time of 
the survey. List and Rondeau (2003) have shown that providing money for participants can 
create a "house money effect" where participants make riskier decisions because they perceive 
the money for the bidding not to be their own. However, Lusk and Shogren (2007) has also 
shown that participation fee can also lessen the effect of "field substitutes" or product substitutes 
found outside the experiment but rather makes the participant focus on the task at hand.  
Activity 5: Participants in the auction were provided with a pictorial demonstration of 
how the three soybean varieties performed in the field. The specific information on the varieties 
provided to the participants includes maturity date, biomass weight, plant count at flowering, 
ease of threshing, pod development, shattering, and yield. The information was presented in both 
                                                          
17The rationality constraint suggests that the benefit from participation in the auction must be higher than the 
reservation wage earned from non-participation in the auction process. 
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written and pictorial form to accommodate different levels of literacy. This information was 
repeated to ensure that farmers fully comprehended the process. Auction participants were then 
asked to rank their preferences and indicate their bid for each of the varieties. The bid sheets 
were collected and handed over to the record keeper. This happened in the first round of the 
auctions. 
Activity 6: In the second round, participants were provided with information about the 
market characteristics of the soybean varieties. The information was provided in both written and 
pictorial form to accommodate different levels of literacy. Market attributes such as size, color, 
debris, and oil content play a critical role in the marketing of soybean. The oil content is not 
directly observed, so the variety served as a proxy for the oil content. Participants were asked to 
visually inspect the varieties to confirm the size, color, and presence of debris. Following this 
information and inspection, auction participants were then asked to rank their preference and 
indicate their bid for each of the varieties. The bid sheets were collected and handed over to the 
record keeper. 
Activity 7: The binding round to determine the winner of the auction was determined 
based on coin tossing. All the bids for each variety were ranked from the highest to the lowest 
for the binding round. Winners of the auction for each of the soybean varieties were made to pay 
the third highest price and receive the 500g seed.  
In all the auctions, the highest bidder's bid was selected as the winning bid and made to 
pay the third highest bidders bid in exchange for 500g of the improved soybean variety. In 
situations where ties in high bids were recorded, the winner was chosen by toss of a coin.  
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3.4 Data and Summary Statistics 
3.4.1 Data 
Data for this study were provided by SARI and it comprises of households distributed 
across the three northern regions of Ghana. The data includes agronomic information collected 
during the on-farm demonstrations of the three soybean varieties (Jenguma, Afayak and 
Salintua). A survey of farmers was conducted to obtain information on their demographic, socio-
economic, production, risk perceptions and preferences, and market attributes. The first survey 
was followed by a preference elicitation survey using stated rankings and experimental auctions 
to obtain information on preferences and WTP for the three soybean varieties.  
A survey of participant farmers was conducted prior to their participation in on-farm 
demonstrations of plant characteristics and PVS. The participant farmers visited soybean 
demonstrations plots and evaluated the varieties. Three different varieties of soybean were 
cultivated on the same demonstration plot following a randomized complete block design. Four 
demonstration plots (3mx3m) were set up at centralized location in the three regions to enhance 
accessibility to all participant farmers. All the four demonstration plots were managed by a lead 
farmer. Participants visited the on-farm demonstration plots at two different times of the 
cropping season. The first visit occurred one and half months after sowing the three different 
seed varieties. Preference survey followed immediately after evaluating the plant characteristics. 
Information on the rankings of the varieties and WTP were elicited through stated rankings and 
experimental auctions after the participants had been provided with a pictorial chart on 
production and market attributes of the varieties. The second visit occurred during harvesting and 
yield evaluation of the varieties. The same process as described earlier was employed to obtain 
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their stated rankings and WTP after providing them with pictorial information on production and 
market attributes of the varieties. 
 
3.4.2 Summary statistics of farmers 
Table 3.2 presents summary statistics of the respondents socio-economic and farm 
characteristics disaggregated by participation in CPR. Apart from gender, number of educated 
household members, household size, self-employed household members, quantity of soybean 
produced, and participation in training, all the variables are balanced across the treated and 
control groups. About 96% of the sample farmers are males with an average age of 53 years, 2 
years of education attainment, and household size of eight out of which four are respectively 
educated and uneducated. Most of the Farmer-based Organization (FBOs) were dominated by 
male members thus accounting for the high number of males in our sample. The household size 
is higher than the regional average of 6.5. Average farm size is nine acres out of which two acres 
is under soybean cultivation, which is higher than the average (0.8 hectares) for the region (Gage 
et al., 2012). On the average, a farmer travels three kilometers, 11 kilometers, and eight 
kilometers to the nearest farm plot, extension office, and input market respectively. Total 
soybean produced is 569kg/acre out of which 417kg is sold at an average price of $39 USD per 
bag (104kg). The data further shows that more than half of the respondents have participated in 
soybean training and are aware of the nutritional benefit of soybean. The quantity of soybean 
produced by non-participant (642kg) is significantly higher than participant farmers (519kg). 
Given that there is no statistical difference in the farm size, the difference in quantity can be 
attributed to yield.  
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Table 3.3 reports the summary of all the risk measures derived from the subjective risk 
perception and preference variables captured by the survey (Figure B1). Several studies have 
shown that risk reduces the rate of adoption of new technologies (Foster and Rosenzweig, 2010; 
Sunding, and Zilberman, 2001; Sadoulet and De Janvry, 1995; Leathers and Smale, 1991). 
Farmers in northern Ghana are exposed to climate shocks and soil fertility is generally low and 
varies across the regions. Farmers resort to several mitigation strategies such as early planting, 
adoption of drought and disease tolerant varieties, and conservation practices such as cover 
crops, residue, and green manure. In this study, I argue that farmers’ WTP for the varieties may 
be driven by their perceived risk preferences since they need to make decision on the specific 
variety to adopt on their own fields despite receiving information about the varieties. The first 
risk preference measure (3-point risk) is based on how farmers perceive their willingness to 
accept risk in their farming business relative to other farmers (Figure B1). The second risk 
preference measure (5-point risk) is based on how farmers perceive themselves to be either more, 
about same or less of a risk taker relative to family members, friends, and neighbors (Figure B1). 
In computing the certainty equivalent risk measure, I rely on both risk perception and preference 
measures. The risk preference measure captures farmers’ expectation about the most likely price 
of soybean during 2018 harvest. The risk perception captures the lowest price for which farmers 
would forward contract to eliminate all price risk for soybean (Figure B1).  
Contrary to this subjective risk measure, some studies (Barham et al., 2014; Ross et al., 
2010; Moore and Eckel 2003; Holt and Laury, 2002) have used more objective measure of risks 
where individuals participate in a series of games and the information obtained from the games 
are used to measure risk aversion. Previous studies have also used subjective risk measures for 
farmer and consumer preferences (Krah et al., 2017; Yang et al., 2016; Petrolia et al. 2015; Lusk 
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and Coble 2005). The 5-point risk measure indicates that 65% of the respondents are risk-lovers 
while only 9% being risk-neutral. In the case of the 3-point risk measure, 47% of the sampled 
farmers are risk- neutral while 32% are risk-lovers. Almost equal shares of farmers are identified 
as risk-averse in the 3-point risk measure (21%) as in the 5-point risk measure (26%). The CE 
risk measure (1.88) is above one indicating that on the average, the sampled farmers are risk-
lovers which may not be a true reflection of all farmers in the study area. A positive mean net 
revenue of GHS0.07 is an indication that total revenue from soybean production is comparatively 
higher than revenue from maize production. This has implication on farmers’ WTP for soybean 
as well as willingness to diversify their production when faced with risks. A mean comparison 
tests of all the subjective risk measures between treated and control groups show that except for 
certainty equivalent risk measure, all the other subjective risk measures are balanced between the 
two groups (Table 3.3b).    
Figures 3.2-2.4 show quantile-quantile (Q-Q) plots that compares the ordered distribution 
of the WTP for each of the varieties with quantiles of the normal distribution represented by the 
fitted lines. The three plots are differentiated based on participation in field observation and yield 
evaluation of soybean varieties. The figures show existence of outliers in the bids. The outliers 
are farmers who over-bid and lost the auction. Bids submitted by participants for “Jenguma" 
variety had some outliers relative to non-participant farmers during the field evaluation. Over-
bidding was observed among non-participant farmers during the yield evaluation (Figure 3.2). 
Figure 3.3 also shows quite a few farmers over-bidding for “Afayak" variety among non-
participants in the yield evaluation. The bids submitted by participants are normally distributed 
though minimal over-bidding is observed during both field and yield evaluations. For the 
“Salintua" variety, bids submitted by both participant and non-participant farmers during the 
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yield evaluation are normally distributed despite some overbidding among non-participant 
farmers (Figure 3.4). In the case of the field evaluation, there are quite a few over-bids among 
participant and non-participant farmers. The frequency of over-bidding for the “Salintua" variety 
are relatively higher among non-participants (Figure 3.4). Farmers who are not used to buying 
seed may have a wide variance in their WTP. The outliers for all the varieties were censored. 
Figure 3.5 indicates that information reduces the variance associated with the mean WTP for all 
the varieties. Participant farmers recorded a lower variance in the distribution of their mean WTP 
than non-participant farmers.  
 
3.5 Empirical Methodology 
3.5.1 Theoretical framework 
In the seminal paper on “The Economics of Information,” Stigler (1961) highlights that 
dispersion is ubiquitous even for homogeneous goods. He emphasized that “price dispersion is a 
manifestation - and, indeed, it is the measure - of ignorance in the market” (p. 214).  According 
to Stigler (1961), unless there is a complete centralized market, prices will vary frequently to the 
extent that economic agents will be unaware of all prices quoted at any given time. This requires 
a search of all existing prices to be able to ascertain the most satisfactory prices. Observed price 
dispersion may occur in different forms, for example, it may come about because of the 
differences in the services associated with a sale of a product. This can be attributed to buyers’ 
cost of acquiring information and sellers’ cost of transmitting information to buyers. There is 
more accurate match between beliefs and actions when individuals have better information 
(Athey and Levin, 2018). Nevertheless, equilibrium price dispersion arises even when buyers can 
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access information at no cost given that each seller is privately informed about its marginal cost 
(Spulber, 1995). 
The literature on preference studies have shown that information generally influences the 
value that survey respondents place on new products (Van Campehout, 2017; Teisl et al., 2002; 
Bergstron et al., 1990). By providing buyers with a distinct information about a new product, it is 
expected that they will value them in such a way that there will not be any bias in their 
preferences (Cummings et al., 1986).  
Following Randall and Stoll (1980) and Bergstrom et al. (1990), the Hicksian welfare 
measure is used to estimate the change in farmers’ WTP due to information endowment. Assuming 
the income compensation function is specified as: 
 
ℎ[𝑃, 𝐷, 𝑉(𝑃, 𝐷, 𝑌, 𝐼)]                                                              (3.1) 
 
where 𝑃 is a vector of prices, 𝐷 is a vector of the quantities of improved soybean varieties (i.e. 
𝐷1 > 𝐷2 > 𝐷3 represents preference ordering of the varieties), 𝐼 is a vector of information 
related to production, marketing, producer’s prior stock of information from crop participatory 
trials, and time required by individuals to process the information, 𝑉(. ) is an indirect utility 
function, and 𝑌 denotes money income. The indirect utility function  𝑉(. ) is increasing in 𝑌 and 
decreasing in 𝑃. The WTP can be expressed based on equation (3.1) as follows: 
 
𝑊𝑇𝑃 = ℎ[𝑃, 𝐷𝐴, 𝑉(𝑃, 𝐷𝐴, 𝑌𝐴, 𝐼𝐴)] − ℎ[𝑃, 𝐷𝐴, 𝑉(𝑃, 𝐷𝐵 , 𝑌𝐵, 𝐼𝐵)]                   (3.2𝑎) 
 
𝑊𝑇𝑃 = ℎ[𝑃, 𝐷𝐴, 𝑉𝐴] − ℎ[𝑃, 𝐷𝐴, 𝑉𝐵] =  𝑌𝐴 − 𝑌𝐵                                             (3.2𝑏) 
 
76 
 
where 𝐼𝐴 > 𝐼𝐵; 𝑌𝐴 > 𝑌𝐵; 𝐷𝐴, 𝑌𝐴, 𝐼𝐴, and 𝑉𝐴 are the post-payment quantities of improved 
soybean varieties, money income, information, and indirect utility level respectively; 𝐷𝐵, 𝑌𝐵, 𝐼𝐵, 
and 𝑉𝐵 are the reference quantities of improved soybean varieties, money income, information, 
and indirect utility function respectively. Equation (3.2b) measures the Hicksian compensating 
welfare due to change in the WTP caused by differences in the level of information.  
From equation (3.2b), the effect of information on farmers’ WTP for improved soybean 
varieties is estimated as: 
𝜕𝑊𝑇𝑃
𝜕𝐼
=
𝜕ℎ
𝜕𝑉𝐴
𝜕𝑉𝐴
𝜕𝐼
−
𝜕ℎ
𝜕𝑉𝐵
𝜕𝑉𝐵
𝜕𝐼
                                                              (3.3𝑎) 
𝜕𝑊𝑇𝑃
𝜕𝐼
= 𝐶𝐴
𝜕𝑉𝐴
𝜕𝐼
− 𝐶𝐵
𝜕𝑉𝐵
𝜕𝐼
                                                              (3.3𝑏) 
 
where 𝐶𝐴 =
𝜕ℎ
𝜕𝑉𝐴
 and 𝐶𝐵 =
𝜕ℎ
𝜕𝑉𝐵
 are the marginal cost of utilities given 𝐷𝐴 and 𝐷𝐵 respectively. 
Equation (3.3b) indicates that the effect of a change in 𝐼 on 𝑊𝑇𝑃 is determined by the 
components 
𝜕𝑉𝐴
𝜕𝐼
 and 
𝜕𝑉𝐵
𝜕𝐼
. For more precision on the differential effect of information on WTP, 
the WTP can be expressed as: 
 
𝑊𝑇𝑃 = ∫ − [
𝑑ℎ
𝑑𝐷
] 𝑑𝐷
𝐷𝐴
𝐷𝐵
= ∫ − [
𝑑ℎ
𝑑𝐷
+
𝜕ℎ
𝜕𝑉
𝜕𝑉
𝜕𝐷
] 𝑑𝐷
𝐷𝐴
𝐷𝐵
= − ∫ [ℎ𝐷 + 𝐶(𝐼)𝑉𝐷(𝐼)]𝑑𝐷
𝐷𝐴
𝐷𝐵
      (3.4) 
 
where 𝐶(𝐼) is the marginal cost of utility given by 𝐼 and 𝑉𝐷(𝐼) is the marginal utility of the 
improved soybean varieties given 𝐼. The change in 𝐼 on 𝑊𝑇𝑃 is given as the partial derivative as 
follows: 
𝜕𝑊𝑇𝑃
𝜕𝐼
== − ∫ [
𝜕ℎ𝐷
𝜕𝐼
+
𝜕𝐶(𝐼)
𝜕𝐼
𝑉𝐷(𝐼) + 𝐶(𝐼)
𝜕𝑉𝐷(𝐼)
𝜕𝐼
] 𝑑𝐷
𝐷𝐴
𝐷𝐵
                                       (3.5𝑎) 
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𝜕𝑊𝑇𝑃
𝜕𝐼
== − ∫ [
𝜕𝐶(𝐼)
𝜕𝐼
𝑉𝐷(𝐼) + 𝐶(𝐼)
𝜕𝑉𝐷(𝐼)
𝜕𝐼
] 𝑑𝐷
𝐷𝐴
𝐷𝐵
                                       (3.5𝑏) 
 
where 
𝜕ℎ𝐷
𝜕𝐼
= 0 given that information influences the perceptions of benefits with respect to using 
the improved soybean varieties 𝐷, and not the actual level of 𝐷. The differential effect due to a 
change in 𝐼 on the reference and post-payment utility levels is influenced by 𝐶(𝐼) and 𝑉𝐷(𝐼).  
The final effect of a change in 𝐼 on 𝑊𝑇𝑃 for improved soybean varieties depends on the signs of 
the terms in equation (3.5b). Assuming that farmers who participated in crop participatory 
research do not observe all the benefits associated with the improved soybean varieties as it is the 
case under investigation, then they may underestimate the marginal utility of using improved 
soybean varieties. However, additional production and marketing information regarding 
improved soybean varieties may lead to an upward adjustment of the marginal utility of 
improved soybean varieties. Under such circumstances, 
𝜕𝑉𝐷(𝐼)
𝜕𝐼
> 0 and 𝐶(𝐼)
𝜕𝑉𝐷(𝐼)
𝜕𝐼
> 0 since 
𝐶(𝐼) > 0 and the resulting increase in WTP may be attributed to an increase in the post-payment 
utility level compared to the reference utility level. Similarly, additional production and market 
information may influence farmers to perceive that higher utility can be reached with current 
expenditures thus 
𝜕𝐶(𝐼)
𝜕𝐼
< 0 and 
𝜕𝐶(𝐼)
𝜕𝐼
𝑉𝐷(𝐼) < 0 and 𝑉𝐷(𝐼) > 0. This indicates that additional 
information may reduce the WTP for cultivating the improved varieties which could be 
attributed to an increase in the reference utility compared to the post-payment utility level for the 
reference income 𝑌𝐵 to remain depleted. Therefore, the final sign on 
𝜕𝑊𝑇𝑃
𝜕𝐼
 will depend on the 
relative strength 
𝜕𝐶(𝐼)
𝜕𝐼
𝑉𝐷(𝐼) and 𝐶(𝐼)
𝜕𝑉𝐷(𝐼)
𝜕𝐼
.  
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3.5.2 Study area and sampling design 
The study was conducted in the summer of 2017 in the Guinea and Sudan Savanna agro-
ecological zone of Ghana consisting of Northern, Upper East and Upper West regions of Ghana. 
The three regions are bordered by Togo to the east, Ivory Coast to the west, and Burkina Faso to 
the north. Agriculture is the main source of livelihood among majority of the inhabitants. The 
major crops grown are maize, sorghum, millet, rice, soybean, and cowpea. Livestock including 
cattle, sheep, goats, and poultry are raised alongside the farming. The zone experiences alternate 
wet and dry season with a unimodal rainfall regime that lasts between 5 and 6 months. The total 
mean annual rainfall is around 1000mm and 90% of the rain occurs from May to October 
(Owusu, 2018). The erratic rainfall in the regions makes forecasting for agricultural production 
very difficult (CARE International, 2013; Owusu and Waylen, 2013). The zone records 
relatively high temperatures throughout the year with an average of 28°C (Acheampong, Ozor 
and Owusu, 2014). Figure 3.6 shows the district map of northern Ghana indicating participant 
and non-participant communities in the soybean participatory research. 
The sampled communities consist of 4 participants and 14 non-participants of CPR drawn 
from northern Ghana. The primary targets of the study are smallholder farmers belonging to 
FBOs who have cultivated soybean for at least one year. The sample selection followed a multi-
stage sampling technique. In the first stage, eight districts were purposively selected from a list 
of soybean producing districts due to the high production volumes of soybean recorded by these 
districts. The second stage also followed a purposive sampling of 18 communities from the 
sampled districts based on the presence of FBOs who are actively engaged in soybean cultivation 
and have cultivated soybean for at least a year. Community selection was done in consultation 
with the agricultural extension agents of the Ministry of Food and Agriculture. I also solicited 
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advice from non-governmental organizations (NGOs) who have been working in these 
communities. Finally, four FBOs out of a total of 10 FBOs were randomly selected from the four 
participant communities while 18 FBOs from a total of 44 FBOs were randomly selected from 
the 18 communities. The average number of farmers per FBO is 19. On-farm research was 
conducted in four out of the 18 communities. A total of 440 farmers consisting of 260 non-
participants and 180 participants of on-farm participatory research were randomly sampled from 
the selected communities (Figure 3.7). Participants are FBOs randomly selected from a list of 
farmer associations in the participant communities who are registered with the Savanna 
Agricultural Research Institute (SARI) under the Agricultural Value Chain Mentorship Program 
(AVCMP). This group of farmers participate in on-farm soybean demonstrations and PVS. Non-
participants are FBOs randomly selected from a list of FBOs in non-participant communities. 
 
3.5.3 Empirical strategies 
This study model farmers' WTP as a function of product specific characteristics, control 
variables and production and market information based on participation in on-farm 
demonstrations. A basic panel generalized least square model of WTP is estimated following 
from the panel structure of the data. The observed bid for farmer 𝒊 for variety 𝒌 during auction 
round 𝑟, 𝑊𝑇𝑃𝑖𝑘𝑟 is assumed to be influenced by soybean characteristics which is reflected by the 
type of variety 𝐷𝑖𝑘𝑟. The bids can be explained within the framework of random effect (RE) 
where the individual-specific effect (𝜇𝑖𝑘) is assumed to be randomly distributed (Wooldridge, 
2010). Results of a standard Hausman test18 rejects a fixed effect estimator and thus I conclude 
                                                          
18 𝐻 = (?̂?𝐹𝐸 − ?̂?𝑅𝐸)
′
[𝐴𝑣𝑎𝑟(?̂?𝐹𝐸) −
̂ 𝐴𝑣𝑎𝑟(?̂?𝑅𝐸)]
̂ −1(?̂?𝐹𝐸 − ?̂?𝑅𝐸), where H is Hausman test comparing random effects 
and fixed effects estimators with a 𝜒𝑀
2  distribution under the null hypothesis (Wooldridge, 2010). The insignificance 
(Prob.>chi2=1.000) of the chi-square value led to the rejection of the fixed effect model. 
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that individual-specific effects are adequately modeled by a random effect model. The random 
effect model is expressed as: 
 
𝑊𝑇𝑃𝑖𝑘𝑟 = 𝛼 + 𝛽
′𝐷𝑖𝑘𝑟 + 𝜇𝑖𝑘 + 𝜀𝑖𝑘𝑟                                                            (3.6) 
 
where the variety variable 𝐷𝑖𝑘𝑟 is a dummy variable for each of the three soybean 
varieties, 𝜇𝑖𝑘 is an individual-specific error component, which captures the disturbance due to 
individual characteristics that influence value of bid for the different varieties, and 𝜀𝑖𝑘𝑟 is the 
idiosyncratic error component, which represents the normally distributed error term for the 
individual WTP. I allow the participant-specific effect (𝜇𝑖𝑘) to be serially correlated since the 
second round bids are dependent on the first round bids for each of the soybean variety. 
However, the RE model assumes that the coefficients of the soybean varieties 𝛽′ are unbiased 
and 𝜇𝑖𝑘 is uncorrelated with endogenous variables. 
I include a vector of experimental design variables 𝑍𝑖𝑘𝑟 (such as auction round, 
participation in on-farm demonstrations, order of soybean presentation during the auction, and 
auction sessions) and socio-economic variables 𝑋𝑖𝑘𝑟 (such as age, sex, education, household size, 
farm size, slope of farm land, years of farming experience, and access to extension services) such 
that: 
 
𝑊𝑇𝑃𝑖𝑘𝑟 = 𝛼 + 𝛽
′𝐷𝑖𝑘𝑟 + 𝜑
′𝑍𝑖𝑘𝑟 + 𝜙
′𝑋𝑖𝑘𝑟 + 𝜇𝑖𝑘 + 𝜀𝑖𝑘𝑟                           (3.7) 
 
Finally, I include risk perception and preference measures in the model to capture the effect of 
risk on farmers' WTP. The first measure is the certainty equivalent (CE) risk preference: 𝛿𝑖
𝐶𝐸 =
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𝐺
𝑃𝑚
 , where 𝐺 is the lowest price to lock in contract to eliminate all price risk for soybean and 𝑃𝑚 
is the expected price during harvest. Based on the calculations, the following classifications are 
made: farmers with 𝛿𝑖
𝐶𝐸 < 1 are considered as risk-averse (RA), 𝛿𝑖
𝐶𝐸 = 1 are considered risk-
neutral (RN), and those with 𝛿𝑖
𝐶𝐸 > 1 are considered risk-lovers (RL). 
To explore other risk preference measures, I collapse the 5-point risk measure detailed in 
the questionnaire19 (Figure B1) into three dummies. Responses such as “Definitely will not 
accept risk" and “Probably will not accept risk" were classified as risk-averse (RA); “Indifferent 
to risk acceptance" was classified as risk-neutral (omitted category), and probably will accept 
risk" and “Definitely will accept risk" were classified as risk-loving (RL). Similarly, the 3-point 
risk measure was categorized as “more" (RL), “about same" (risk-neutral, omitted category), and 
“less" (RA). Table 3.3a shows summary of all variables. The final estimation model is specified 
as: 
𝑊𝑇𝑃𝑖𝑘𝑟 = 𝛼 + 𝛽
′𝐷𝑖𝑘𝑟 + 𝜑
′𝑍𝑖𝑘𝑟 + 𝜙
′𝑋𝑖𝑘𝑟 + 𝜋
′𝛿𝑖
𝑄 + 𝜇𝑖𝑘 + 𝜀𝑖𝑘𝑟               (3.8) 
 
where 𝑄 denotes either 3-point risk, 5-point risk or CE risk measure and 𝜋 is the parameter 
estimate for the risk measure. The specifications of 𝛿𝑖
𝑄
 in equation (3.8) leads to three different 
models of the RE namely 3-point risk (𝛿𝑖
3) RE model, 5-point risk (𝛿𝑖
5) RE model, and certainty 
equivalent risk (𝛿𝑖
𝐶𝐸) RE model. In the 3-point and 5-point risk measure models, 𝑅𝐴 (risk-averse) 
and 𝑅𝐿 (risk- loving) are included as binary indicators while a single continuous variable is used 
in the CE risk measure RE model. 
 
                                                          
19 The questionnaire is adapted from Krah et al., (2017). 
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3.5.4 Alternative specification: Random-effects Tobit models 
Different specifications of the WTP are estimated because linear regression models may 
not necessarily provide accurate estimates of the partial effects especially where information is 
censored. Participants of the auctions are likely to associate a zero or “unreasonably” high value 
to the soybean especially where they are required to pay and keep the soybean. I further 
estimated the random-effects Tobit model, which assumes that the error term follows a normal 
distribution and the probability of observing a censored observation is expressed as: 
 
𝑃(𝑦𝑖 = 0) = Φ (
−𝑋𝑖𝛽
𝜎
)                                                                       (3.9) 
 
where Φ represents the standard normal distribution and 𝛽 and 𝜎 are the probability of observing 
a non-zero value for 𝑦 and the mean of 𝑦 for positive values of 𝑦. The random-effects Tobit 
model was employed to estimate equation (3.8) with an additional condition specified as 
(equation 3.10): 
𝑊𝑇𝑃𝑖𝑘𝑟 = [0, 𝑊𝑇𝑃𝑖𝑘𝑟
∗ ]                                                                      (3.10) 
 
where 𝑊𝑇𝑃𝑖𝑘𝑟
∗  is the latent variable for bids and 𝑊𝑇𝑃𝑖𝑘𝑟 is the observed bid. 
 
3.5.5 Rank-ordered logistic model 
A rank-ordered logistic regression model by maximum likelihood estimation was 
estimated due to the ranked nature of the data (Beggs, Cardell, and Hausman, 1981). An 
individual farmer makes a choice from alternative soybean varieties. The ranked alternatives 
forms observations that are related to the individual farmer. The rank ordered logistic model 
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estimates the probability that each of the soybean variety is ranked first. Under the assumption 
that 𝜋𝑖 are independent and follow an extreme value type I distribution, Luce (2012) showed that 
the probability (𝜋𝑖) that alternative 𝑖 is valued higher than alternative 2, … . k can be written in the 
multinomial logit form: 
 
𝜋𝑖 = 𝑃𝑟{𝑣𝑎𝑙𝑢𝑒1 > max(𝑣𝑎𝑙𝑢𝑒2, … . . , 𝑣𝑎𝑙𝑢𝑒𝑚)} =
exp(𝑣𝑎𝑙𝑢𝑒𝑖)
∑ exp(𝑣𝑎𝑙𝑢𝑒𝑖)
𝑘
𝑗=1
                            (3.11) 
 
The probability of observing a specific ranking can be written as the product of such 
terms, representing a sequential decision interpretation in which the rater first chooses the most 
preferred alternative, and then the most preferred alternative among the rest (Luce, 2012). 
 
3.6 Results and discussion 
3.6.1 On-farm performance of soybean varieties 
Table 3.4 summarizes the agronomic information obtained from the multi-location trials 
of the three soybean varieties in the three regions. The multi-location trial is a 3mx3m on-farm 
plot designed to accommodate the differences in soil fertility. Farmers who participated in on-
farm evaluation of plant characteristics and yield were more informed than non-participants. 
Ranking and WTP for the three varieties were based on the information received from CPR, 
visual inspection of the grains, and pictorial information of production and market attributes of 
each of the varieties. 
“Salintua” variety (A3) recorded the highest plant count at flowering relative to the other 
two varieties in Northern Region. The result is consistent with the results of Upper West Region. 
Nevertheless, “Jenguma” (A1) had the highest plant count at flowering in Upper East compared to 
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“Afayak” variety (A2) and A3. For plant height at maturity, “Salintua” (A3) is observed to be the 
tallest soybean variety relative to A1 and A2. This is consistent for all locations. Across all trial 
locations, A2 takes fewer days to flower in comparison to A1 and A3. 
Among the three varieties, A2 is the earliest maturing variety followed by A1 and A3. 
Upper East recorded relatively fewer days to maturity. Despite the late maturity of A3, it has the 
lowest resistance to pod shattering relative to A1 and A2. Pod shattering is a major challenge in 
soybean production. Early pod shattering affects the quality of soybean since farmers must 
collect the pods from the ground. This problem has led to development of improved varieties to 
overcome the early pod shattering. In each of the locations, A3 had the highest biomass weight 
followed by A1 and A2. Yield differs across locations and regions. Soybean varieties replicated 
in Upper East Region recorded the highest yield. In that region, A1 recorded a yield of 3.90kg 
per 3m x 3m plot followed by A2 (3.03kg per 3m x 3m plot) and A3 (2.60kg per 3m x 3m plot). 
For Upper West Region, A2 recorded a yield of 1.72kg per 3m x 3m plot followed by A1 
(1.15kg per 3m x 3m plot) and A3 (0.9kg per 3m x 3m plot). Consistent with Upper West 
Region, A2 recorded the highest yield followed by A1 and A3 in the Northern Region. Based on 
the physical characteristics, A3 is small with bright brown color. However, the probability of the 
grains becoming contaminated is very high due to its low resistance to early pod shattering. Both 
A1 and A2 were almost of the same color. Participant farmers did not observe any significant 
difference in terms of threshing for the three varieties. 
 
3.6.2 Demand for improved soybean varieties 
Figure 3.8 shows an estimated stepwise demand for improved soybean varieties in 
relation to field observation and yield evaluations. The figure depicts that 10% of the 
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respondents were willing to pay above GHS5/500g for each of the soybean varieties auctioned 
during the field and yield evaluations. About 85% of the respondents were willing to buy any of 
the improved soybean varieties at the rate of GHS3.50/500g after receiving information on 
production and market traits during the on-farm demonstrations of plant characteristics (field 
evaluation) and PVS (yield evaluation). At the current market price20 of GHS3/500g, 75% of the 
respondents were willing to buy “Salintua", while 64% and 58% of the respondents were willing 
to buy “Afayak" and “Jenguma" respectively. The result did not change depending on the timing 
of the auctions (field and yield evaluations). In summary, the results show that there is 
heterogeneity among farmers WTP for improved soybean varieties. 
 
3.6.3 Determinants of WTP for improved soybean varieties 
This section reports the factors influencing farmers' WTP for soybean varieties derived 
from both rounds of auctions using the random effect (RE) model. These WTP values are 
derived from the bids submitted during the two rounds of the auction. I account for the 
differences in farmers risk by estimating four alternatives RE models based on the specification 
of risk preference measures. The base model assumes homogeneity among farmers while the 
remaining three models accounts for the different risk measures such as certainty equivalent risk 
measure, 3-point risk measure, and 5-point risk measure. District controls were included in all 
four models to capture the differences in climate, poverty, and access to production resources 
such as land and labor.   
Table 3.5 shows the result of the four models. WTP for soybean is significantly 
influenced by household demographics, farm characteristics, institutional factors, participation in 
                                                          
20 Market price for a kilogram of soybean seed in 2018 is GHS6 (US$1.38 USD). 
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on-farm soybean evaluations, risk perceptions, and district level controls. Specific household 
demographics influencing WTP includes gender of household head, household members 
between 6 and 18 years, and number of self-employed and salaried household members. Farm 
characteristics variables such as participation in on-farm demonstration and PVS, awareness of 
soybean varieties and nutritional benefits of soybean, use of intercropping, and distance to farm 
plots significantly influence the WTP for soybean varieties. Distance to output market is the 
main institutional factors influencing farmers’ WTP for soybean varieties. 
Previous studies by Krah et al. (2017); Petrolia et al. (2015); Lusk and Coble, (2005) 
have shown that risk preferences and risk perceptions affect individuals’ choice when faced with 
uncertainty. Based on the specification of the risk measure in the econometric model, I expect 
risk-averse farmers to be willing to pay less while risk-lovers to be willing to pay more for 
improved soybean varieties. Consistent with the theoretical prediction, risk-loving farmers were 
willing to pay higher for soybean varieties relative to risk-neutral farmers while risk averse 
farmers were willing to pay less for soybean varieties relative to risk-neutral farmers. Risk 
aversion as measured by certainty equivalent decreases farmers' willingness to pay for soybean 
varieties. The results are consistent with the literature on the role of risk in technology adoption 
and WTP. Risk-loving farmers are willing to take higher risk because of the anticipated benefits 
or profitability associated with the adoption of the improved varieties. These farmers may be 
classified as early adopters of modern inputs. In promoting new varieties, risk-loving farmers 
must be identified and used as lead farmers in disseminating modern inputs to peers. However, 
providing more and critical information to risk-averse farmers will improve their understanding 
of the varieties and improve their decision on adoption and WTP ceteris paribus (Banerjee and 
Duflo, 2012). 
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Farmers’ WTP for the improved varieties (“Jenguma” and “Afayak”) is higher than the 
“Salintua21” variety. “Salintua" variety had the lowest implicit WTP value given the positive 
coefficient on the “Jenguma” and “Afayak” varieties. The timing of the auction captures 
information received during the auction. Round one captures production information while round 
two captures both production and market information. The coefficient on timing of the auction is 
negative and significant at 1% level of significance. This indicates that farmers who have both 
production and market information on soybean varieties are willing to pay GHS5.10 ($1.17 
USD) for 500g of improved soybean seed while farmers who have only information on 
production attributes are willing to pay GHS4.11 ($0.95 USD) for 500g of the seed. Participation 
in CPR is negative and significant at 1% level of significance across all the models. The results 
indicate that participation lowers WTP (with magnitude of effect ranging from -1.176 to -1.197) 
across the different models. However, farmers who participated in CPR and have additional 
information on production attributes are willing to pay GHS3.62 ($0.83 USD) for 500g of seed 
while non-participants who have information on production attributes are willing to pay 
GHS4.11 ($0.95 USD) for 500g of soybean seed. Similarly, participant farmers who have both 
production and market information of soybean traits are willing to pay GHS3.92 ($0.0.90 USD) 
while non-participant farmers who have the same information are willing to pay GHS5.10 ($1.17 
USD) for 500g of soybean seed. Overall, the results suggest that information obtained from CPR 
increases precision in farmers’ WTP by reducing the dispersion in bids with fixed minimal zero 
means (supported by Figure 3.5).  
 
 
                                                          
21 The “Salintua” variety falls out of the model due to the problem of over-identification with dummy variables. 
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3.6.4 Production and market information and farmers’ WTP 
Research has shown that information plays a critical role in the choice, adoption, and 
WTP for improved agricultural technologies (Waldman et al., 2017; Van Campenhout et al., 
2017; Waldman, Kerr, and Isaacs, 2014; Caviglia and Kahn, 2001; Sunding and Zilberman, 
2001). Participant farmers were actively engaged in on-farm evaluation of plant characteristics 
and yield of the three soybean varieties, therefore, have more information regarding soybean 
varieties relative to non-participant farmers. For simplification, I refer to participant farmers as 
treated and non-participant farmers as control. Table 3.6a shows estimates of control and treated 
farmers’ WTP for soybean varieties across four model specifications based on joint information 
on production and market attributes of the varieties while Table 3.6b shows estimates of control 
and treated farmers’ WTP for soybean varieties across four model specifications based on only 
production information. Generally, control farmers have consistently higher WTP for all the 
varieties relative to treated farmers across all the model specifications.  
Among the varieties, both control and treated farmers strongly prefer “Afayak” followed 
by “Jenguma” and “Salintua.” “Afayak” and “Jenguma” are early maturing, high yielding, and 
resistant to early pod shattering. “Salintua” is late maturing and less resistant to early pod 
shattering. Pod shattering is highly associated with lower market value because the grains are 
likely to be infested with foreign materials when they shatter early while farmers are actively 
engaged in other farm activities. Control farmers WTP for each of the varieties is consistently 
higher than the amount treated farmers were willing to pay. The result is consistent across all the 
models (Tables 3.6a and 3.6b). Farmers’ WTP higher for the improved soybean varieties 
(“Afayak” and “Jenguma”) could be a form of gratitude to the promoters of the varieties 
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(‘reciprocal obligation’22). Treated farmers were willing to pay GHS1.18 ($0.27 USD) on 
average less than the control farmers who only received pictorial information on production and 
market during the auction. The difference in WTP between participant and non-participant 
farmers may reflect the value of information received from on-farm demonstration and PVS. 
Alternatively, it may also reflect the cost of non-participation in CPR. The result is consistent 
with the findings of Waldman et al. (2014). In their study, they found that non-research farmers 
offer higher bids for 500g of bean varieties relative to research farmers. Thomson and Tansey 
(1982) and Baumeister et al. (2007) independently establish that future behaviors of people may 
not match their real actions and farmers are more likely to overstate their preferences to deflect 
attention from their actions when they are faced with potentially controversial decisions. 
The implication of the result is that information received by participant farmers in on-
farm demonstration and PVS enable them to make informed decisions regarding their WTP for 
soybean varieties. Following from the conceptual framework and figure 3.5, information reduces 
the price dispersion as the uncertainties associated with the varieties diminishes with increased 
information. Consistent with the summary statistics, treated farmers had a more uniform price 
distribution with lower variance relative to the control group. Treated farmers may have 
experienced some traits of the soybean during the field visit which may have influenced them to 
adjust their bids although their ordering was consistent with non-participant farmers. As 
discussed earlier, information on plant count at flowering, plant height at maturity, days to 50% 
flowering, days to maturity, biomass weight (Table 3.4), and other attributes (pod shattering) that 
were directly observed by participant farmers but unavailable to non-participant farmers, may be 
                                                          
22 According to Corrigan and Rousu (2006), “reciprocal obligation” is “a situation where participants wish to repay 
the experimenter for endowing them with a good”. In this case, farmers are expected to bid higher for soybean varieties 
as a way of showing their appreciation to researchers. Rabin (1993, p.1281) describes “reciprocal obligation” as “If 
somebody is being nice to you, fairness dictates that you be nice to him”. 
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influencing their decisions. In addition, variations in the climatic conditions may also influence 
the choice of early maturing varieties to eliminate the risk of crop failure in the presence of 
drought. A follow up study show that the control farmers have a high expectation of being 
included in future crop participatory research thus, their high WTP for the varieties. 
Comparing tables 3.6a and 3.6b, both treated and control farmers have higher WTP for 
the three soybean varieties when they have joint information on production and market attributes 
relative to having information only on production attributes. Information on soybean market 
attributes increase farmers’ WTP by GHS1 ($0.23 USD). Combining information on production 
and market attributes of soybean varieties is beneficial to farmers in making informed decision 
on the adoption of soybean variety and WTP. Farmers have consistently been trained to approach 
farming as a business which requires production to be market driven. This concept implies that 
crop breeders must incorporate market attributes in their breeding programs to develop new 
varieties that address the production and market constraints of farmers, therefore, increasing 
adoption and profitability ceteris paribus. 
 
3.6.5 Heterogeneous effect of farmers' WTP 
I investigate the possibility of heterogeneity in farmers' preferences for soybean varieties 
based on their location and participation status in CPR. The three regions in northern Ghana have 
varied climate, soil fertility and access to production resources which may either reduce or 
increase adoption and WTP for soybean varieties. Results from the on-farm demonstration across 
the four locations show a variation in plant characteristics and yield (Table 3.4). The reported 
WTP are from the RE model (equation 3) with a dummy included for each location (Figures 3.9 
and 3.10).  
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Figures 3.9 and 3.10 compare the location-specific WTP for the three soybean varieties 
based on information on production and market attributes and participation in CPR. Consistent 
with the overall WTP, both treated and control farmers have higher WTP for all the varieties 
when they have joint information on production and market attributes relative to just having 
information on production attributes. Compared to treated, control farmers have higher WTP for 
each of the varieties when they have information on production and market attributes of the 
varieties. This is not consistent with farmers in the Upper East Region of Ghana. The treated 
group have almost the same WTP for all the varieties compared to the control group. Generally, 
the control group in the Upper West Region have higher WTP for each of the soybean varieties 
followed by the control group in Northern and Upper East regions. The same holds for the 
treated group. “Salintua” variety had the lowest WTP value and is consistent for all the three 
regions. 
In Northern Region, both control and treated group offered the same bid for “Jenguma" 
and “Afayak" varieties after receiving separate information on production and market attributes. 
In the same region, “Afayak” recorded the highest crop yield based on the results of the on-farm 
demonstrations of improved soybean varieties (Table 3.4). In addition, field observation 
indicators such as days to 50% flowering, plant count at flowering, and days to maturity are 
almost the same for “Afayak” and “Jenguma” (Table 3.4). This might have influenced the 
highest overall WTP for “Jenguma” variety. Farmers in Upper East Region recorded the lowest 
WTP for all the soybean varieties. A follow up study with the farmers in the Upper East Region 
indicates that the promoted varieties do not perform very well compared to the “Quarshie23” 
                                                          
23 “Quarshie” variety is in honor of the first Director of SARI, Mr. Hector Mercer-Quarshie who improved research 
work at the Institute. The variety is drought-tolerant and suitable for cultivation in the Upper East Region because of 
its erratic rainfall pattern and poor climatic conditions. 
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variety. Comparatively, “Afayak” recorded the highest WTP followed by “Jenguma” and 
“Salintua”. In this region, “Jenguma” recorded the highest crop yield (Table 3.4). In Upper West, 
I observe the highest WTP for “Jenguma” followed by “Afayak” and “Salintua”. “Afayak” 
recorded the highest crop yield in this region followed by “Jenguma” and “Salintua.” Apart from 
days to maturity, “Salintua” also performed better than the other two varieties.  
The results suggest preference heterogeneity in farmers’ WTP for soybean varieties due 
to location-specific conditions. Performance of the varieties in CPR and information provided 
may have influence farmers perceptions, choice, and WTP. Despite the importance of yield 
attribute in preference elicitation, it does not necessarily guarantee higher WTP. This is 
demonstrated by the fact that crop yield in Upper East is the highest (Table 3.4) but the WTP is 
the lowest (Figure 3.9 and 3.10) among the regions. The treated group have higher WTP for each 
of the varieties relative to the control group. This high bids by participants may be a form of 
rewarding the efforts of the promoters of the varieties and anticipated future benefits from 
similar agricultural projects. Farmers in the Upper East are more risk-averse than farmers in 
Northern and Upper West regions.  
 
3.6.6 Implied rankings and experimental auctions 
To check whether the ordering of the soybean varieties is robust to different preference 
elicitation methods, I compare the ordering from experimental auctions to non-binding ranking. I 
explore how production and marketing information on soybean influence non-binding rankings 
(using rank-ordered logit model) and WTP from binding auctions (using random effect model) 
for improved soybean varieties. Table 3.7 reports the results of the nonbinding rankings of 
improved soybean varieties of treated farmers based on production and marketing information. 
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The coefficients in the rank-ordered logistic regression represent the odds that each of the 
varieties is ranked first. All the coefficients are negative and significant at the 1% level of 
significance in both rounds of the auctions.   
Based on the magnitude of the coefficients in round one where treated farmers receive 
information on production, I observe that “Jenguma” had greater odds of being ranked higher 
than “Afayak” but lower than “Salintua.” In round two where treated farmers receive joint 
information on production and market attributes of the improved soybean varieties, I did not find 
any evidence of change in the ordering as established earlier in round one. Farmers were 
consistent in their ordering of the soybean varieties for both rounds of non-binding rankings.  
I further explore the possibility of treated farmers' overstating their preferences for 
improved soybean varieties especially where there is no incentive for them to “truthfully” reveal 
their type. In the absence of financial incentives, farmers may be more inclined to subjectively 
rank the improved varieties higher above the traditional variety (reciprocal obligation). When 
farmers are endowed with financial incentives that satisfy the individual rationality constraint, 
they are more likely to truthfully reveal their true WTP. Tables 3.8a and 3.8b compare treated 
farmers ordering of soybean varieties from non-binding rankings and binding rankings from 
experimental auctions after receiving separate information on production and market attributes of 
soybean varieties. Ordering of soybean varieties by treated farmers were consistent for both 
preference elicitation methods (non-binding rankings and experimental auctions). The results 
contradict earlier study by Waldman et al. (2014) who reports change in the relative ordering of 
farmers preferences of beans using non-binding rankings and experimental auctions. They 
attributed “reciprocal obligation” effect to the results. However, I find that treated farmers were 
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consistent in their orderings of soybean varieties irrespective of the preference elicitation method 
used. 
 
3.6.7 Robustness checks: random effect tobit model 
The quantile-quantile plots (Figures 3.2-3.4) show evidence of overbidding during the 
auctions. These bids were censored because they represent an individual valuation of the seed 
taking into consideration the information they have regarding the soybean seed. A random effect 
tobit regression accounted for this high bid censoring. In this section, I estimate how production 
and market information influence WTP using the random effect tobit model to check if the result 
is robust to different model specification. I make two censoring threshold assumptions. First is 
the “left-censored” model where bids are censored at GHS10 ($2.29 USD), and the second is 
where bids are censored at GHS20 ($4.59 USD) (Table B2 and B3). The results confirm that 
treated farmers’ WTP are relatively lower than control farmers as established previously. 
Compared to tables 3.6a and 3.6b, I do not find evidence of significant difference in the 
magnitude of the WTP across models irrespective of the censoring threshold assumptions. 
Similarly, the WTP for all three varieties are consistently higher in the CE and 5-point risk 
measures relative to the base and 3-point risk measures as established previously in tables 3.6a 
and 3.6b. Farmers’ WTP for soybean varieties based on joint production and market information 
is consistently higher in all the models relative to their WTP based on production information. 
Following from the results, I conclude that joint information on production and market is critical 
in eliciting farmers’ preferences for soybean varieties.    
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3.7 Conclusion 
Promotion of improved agricultural technologies among smallholder farmers remains a 
challenge especially where farmers have limited information about the existence, production and 
market attributes of the technologies. Lack of farmer participation in crop improvement research 
may lead to the development of technologies that are not malleable to their local conditions thus 
reducing adoption. Currently, development practitioners have adopted several outlets such as 
Innovation Platforms (IPs), Multi-stakeholder Platforms (MSPs), Farmer-Field School (FFS), 
and ICT to communicate the existence of improved technologies, good agricultural practices, and 
market opportunities. However, the fundamental challenge is how to harmonize these pieces of 
information across different actors to ensure that these technologies are profitable at all levels of 
the value chain.  
This study assessed the role of production and market information on farmers’ WTP for 
improved soybean varieties in northern Ghana. The information is based on a field experiment 
where farmers participated in PVS and on-farm demonstration of soybean characteristics at two 
different times of the planting season. WTP for each of the soybean varieties was obtained 
through an experimental auction that required farmers to bid on 500g of each of the soybean 
seeds. The experimental auction followed immediately after the on-farm research.  
Four primary findings of the study have special relevance to the problem of low adoption 
of improved technologies in SSA. First, I find that WTP for improved soybean varieties 
decreases with timing of auction, gender, household members between 6-18 years, number of 
salary earning household members, awareness of soybean variety, intercropping, distance to 
output market, participation in on-farm soybean research, and risk aversion. Awareness of the 
nutritional value of soybean, distance to farm plots, and risk-seeking farmers increase WTP for 
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improved soybean varieties. Second, I find evidence of preference heterogeneity across 
locations. Farmers in Upper West Region recorded the highest WTP for improved soybean 
varieties followed by farmers in Northern and Upper East regions. Variations in climate and soil 
fertility across locations influence the performance of improved soybean varieties in on-farm 
demonstrations. This information is likely to influence farmers’ perceptions, choices, and WTP. 
However, information based on yield attributes do not necessarily guarantee higher WTP. On-
farm demonstrations revealed that all the soybean varieties perform well in the Upper East 
Region compared to the other regions in terms of yield, but farmers recorded the lowest WTP for 
each of the soybean varieties. Third, participation in PVS and on-farm demonstrations of 
soybean characteristics reduce the tendency for individual farmers to misreport their true 
valuations of the seed. On the average, non-participants have higher WTP than participants. The 
difference in WTP between participant and non-participant farmers may reflect the value of 
information received from on-farm demonstration and PVS. Alternatively, it might also reflect 
the cost of non-participation in on-farm demonstration and PVS, thus leading to overestimation 
of WTP. Participation in on-farm research might have exposed participants to certain soybean 
traits that might have influenced the value of their bid. Fourth, I find evidence of higher WTP 
when farmers have joint information on production and market of soybean attributes. The result 
is consistent for both treated and control farmers. This suggests that incorporating market 
attributes in crop breeding programs have the tendency to increase farmers’ adoption and WTP. 
In addition, I observe a consistent ordering of the three soybean varieties irrespective of the 
preference elicitation methods used, information provided, and the participation status of the 
farmer. Farmers ranked “Jenguma” first followed by “Afayak” and “Salintua.”  
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Combinations of on-farm research and binding experimental auctions provide a more 
robust estimation of farmers' preferences for agricultural technologies. The findings have 
implications for technology development, dissemination, and policy formulation. Overestimation 
of preferences have the tendency to mislead development practitioners and policy makers and, 
subsequently affect the welfare outcomes of farmers. Information about yield is not sufficient for 
eliciting farmers' preferences for improved crop varieties. The results suggest other important 
and more valuable attributes driving farmers' preferences relative to the attributes promoted by 
researchers. This implies that active engagement of farmers in both crop breeding and 
participatory varietal selection may lead to exchange of information and improvement in the 
adoption of improved crop varieties. 
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3.8. Tables and Figures 
 
 
Table 3.1: Distribution of sampled households, auctions and OFD by region 
Region Districts Communities OFD Auctions Participants Non-participants 
Northern 2 9 2 9 100 140 
Upper East 3 4 1 5 40 60 
Upper West 3 5 1 4 40 60 
Total 8 18 4 18 180 260 
Note: OFD stands for On-farm demonstrations. 
 
 
Table 3.2: Summary statistics of sampled farmers 
  Total    Participation in on-farm research 
Variable 
Mean Std. Dev.  
Control Treated Prob. 
    Mean Mean Value 
Household Characteristics       
Age of head (years) 52.98 15.58  53.49 52.23 0.40 
Gender of head (1=Male) 0.96 0.19  0.94 0.99 0.00 
Years of education 1.94 4.42  2.05 1.79 0.54 
Number of educated household members 4.23 2.48  3.90 4.69 0.00 
Number of uneducated members 4.15 2.60  4.13 4.19 0.82 
Household size 8.38 3.01  8.03 8.88 0.00 
Self-employed (1=yes) 0.15 0.36  0.18 0.11 0.05 
Salaried employed (1=yes) 0.08 0.26  0.08 0.07 0.85 
Farm Characteristics    
   
Total land owned (hectares) 8.61 5.96  8.80 8.34 0.39 
Land under cultivation (hectares) 1.71 1.23  1.66 1.79 0.28 
Distance to farm plots (Kilometers) 3.10 5.93  3.02 3.20 0.76 
Distance to extension (Kilometers) 10.73 20.90  10.93 10.44 0.84 
Distance to input market (Kilometers) 7.95 6.72  7.98 7.90 0.90 
Price received (Ghana cedi) 168.31 99.38  169.20 167.03 0.83 
Total quantity of soybean produced (Kg) 569.33 611.06  518.59 642.63 0.04 
Quantity of soybean sold (Kg) 416.98 526.64  383.61 465.18 0.13 
Aware of nutritional benefits of soybean 
(1=yes)  0.74 0.44  0.70 0.79 0.04 
Participate in soybean training (1=yes) 0.66 0.47  0.56 0.61 0.26 
Observation 440   260 180   
Notes: Exchange rate is 1USD=GHS4.361 (Source: Bank of Ghana, 2017). Source: Experimental Auction Survey in 
Northern Ghana, 2017. 
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Table 3.3a. Summary and description of risk variables 
Variables Measurement Mean Std. Dev. 
Risk Preference Variables    
5-point risk measure (𝛿𝑖
5)    
#Risk Loving Dummy 0.650 0.478 
#Risk Averse Dummy 0.259 0.439 
#Risk Neutral Dummy 0.091 0.288 
3-point risk measure (𝛿𝑖
3)    
#Risk Loving Dummy 0.318 0.466 
#Risk Averse Dummy 0.214 0.410 
#Risk Neutral Dummy 0.468 0.499 
Certainty equivalent risk measure (𝛿𝑖
𝐶𝐸) Continuous 1.885 2.215 
Risk Perception Variables    
Net revenue scaled by 1000 (GHS) Continuous 0.073 35.794 
 
 
Table 3.3b. Summary and description of risk variables by participation 
Variables Control Treated P-value 
Risk Preference Variables    
5-point risk measure (𝛿𝑖
5)    
#Risk Loving 0.665 0.628 0.420 
#Risk Averse 0.269 0.244 0.559 
3-point risk measure (𝛿𝑖
3)    
#Risk Loving 0.304 0.339 0.442 
#Risk Averse 0.192 0.244 0.198 
    
Certainty equivalent risk measure (𝛿𝑖
𝐶𝐸) 1.721 2.12 0.06 
Risk Perception Variables    
Net revenue scaled by 1000 (GHS) 0.919 -1.149 0.496 
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Table 3.4: Performance of soybean varieties in on-farm demonstrations 
  
Locations of soybean experiments 
Northern Upper East Upper West 
Tolon Savelugu Binduri Sissala East 
A1 A2 A3 A1 A2 A3 A1 A2 A3 A1 A2 A3 
Plant count at flowering 624 579 660 601 621 681 510 504 401 597 578 616 
             
Plant height at maturity (cm) 69 79 80 69 79 82 30 28 30 68 76 79 
             
Days to 50% flowering 47 44 58 49 43 54 47 47 48 48 45 52 
             
Days to maturity 110 104 118 111 103 117 100 95 110 110 102 116 
             
Biomass weight (kg) 6.6 7.0 8.3 6.4 6.9 8.7 7.6 8.3 8.6 6.4 7.5 8.2 
             
Grain Yield (kg) 2.2 2.5 2.0 2.2 2.4 2.2 3.9 3.03 2.6 1.15 1.72 0.9 
Notes: A1 represents “Jenguma”; A2 represents “Afayak”; and A3 represents “Salintua” soybean varieties. Grain yield is based on 
3mx3m plot of land. Source: Experimental Auction Survey in Northern Ghana, 2017. 
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Table 3.5: Random effect results of farmers’ WTP  
 WTP 
Variables Base CES Risk 3-Point Risk 5-point Risk 
 Model Model Model Model 
Timing of auction (1=production information) -0.983*** -0.983*** -0.983*** -0.983*** 
 (0.021) (0.021) (0.021) (0.021) 
Participation*Timing of auction 0.638*** 0.638*** 0.639*** 0.638*** 
 (0.079) (0.079) (0.079) (0.079) 
Afayak variety (1=yes) 0.272*** 0.272*** 0.272*** 0.272*** 
 (0.007) (0.007) (0.007) (0.007) 
Jenguma variety (1=yes) 0.379*** 0.379*** 0.379*** 0.379*** 
 (0.011) (0.011) (0.011) (0.011) 
Sex of household head -0.463*** -0.450*** -0.487*** -0.456*** 
 (0.007) (0.009) (0.009) (0.031) 
Household members (6-18 years) -0.045** -0.039** -0.042** -0.044*** 
 (0.019) (0.020) (0.017) (0.017) 
Self-employed household members 0.036*** 0.039*** 0.043*** 0.036*** 
 (0.000) (0.000) (0.001) (0.000) 
Salaried household members -0.217*** -0.216*** -0.225*** -0.218*** 
 (0.019) (0.019) (0.017) (0.013) 
Years of formal education of head 0.018 0.019 0.018 0.018 
 (0.015) (0.015) (0.015) (0.016) 
Awareness of nutritional benefit of soybean 0.140*** 0.138*** 0.151*** 0.133*** 
 (1=yes) (0.023) (0.023) (0.030) (0.004) 
Awareness of soybean variety (1=yes) -0.289*** -0.273*** -0.302*** -0.290*** 
 (0.060) (0.062) (0.058) (0.059) 
Farm size (acres) -0.038 -0.029 -0.041 -0.038 
 (0.060) (0.059) (0.058) (0.058) 
Practice intercropping (1= yes) -0.423*** -0.429*** -0.418*** -0.421*** 
 (0.033) (0.033) (0.035) (0.024) 
Distance to farm plot 0.026*** 0.027*** 0.026*** 0.026*** 
 (0.007) (0.007) (0.007) (0.006) 
Distance to extension services -0.001 -0.001 -0.001 -0.001 
 (0.003) (0.003) (0.003) (0.003) 
Distance to output market -0.020*** -0.021*** -0.021*** -0.020*** 
 (0.002) (0.002) (0.002) (0.002) 
Participation in on-farm demos -1.182*** -1.176*** -1.197*** -1.185*** 
(1=participant) (0.145) (0.144) (0.141) (0.146) 
Risk averse   0.115 -0.059* 
   (0.084) (0.033) 
Risk loving   0.287*** -0.019 
   (0.040) (0.098) 
Risk aversion (CE measure)  -0.037***   
  (0.004)   
Constant 5.071*** 5.095*** 5.003*** 5.100*** 
 (0.189) (0.187) (0.163) (0.115) 
District fixed effect Yes Yes Yes Yes 
Observations 2,640 2,640 2,640 2,640 
Notes: Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1 level. CES is certainty equivalent risk 
measure. Source: Model estimations are based on experimental auction survey, 2017. 
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Table 3.6a: Farmers’ WTP for each variety based on model type and market information 
 
Base  Certainty Equivalent  3-Point Risk Measure  5-Point Risk Measure 
Model Risk Model Model Model 
(1) (2) (3) (4) (5) (6) (7) (8) 
Control Treated Control Treated Control Treated Control Treated 
“Afayak”  5.34 4.16 5.38 4.19 5.28 4.08 5.37 4.19 
“Jenguma” 5.45 4.27 5.47 4.30 5.38 4.19 5.48 4.29 
“Salintua” 5.07 3.89 5.10 3.92 5.00 3.81 5.10 3.92 
Notes: WTP for “Salintua” is the dropped variety in the RE model, which is captured by the constant term.  
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
 
 
 
Table 3.6b: Farmers’ WTP for each variety based on model type and production information  
 
Base  Certainty Equivalent  3-Point Risk Measure  5-Point Risk Measure 
Model Risk Model Model Model 
(1) (2) (3) (4) (5) (6) (7) (8) 
Control Treated Control Treated Control Treated Control Treated 
“Afayak”  4.16 3.18 4.40 3.21 4.30 3.10 4.39 3.21 
“Jenguma” 4.47 3.29 4.49 3.32 4.40 3.21 4.50 3.31 
“Salintua” 4.09 2.91 4.12 2.94 4.02 2.83 4.12 2.94 
Notes: WTP for “Salintua” is the dropped variety in the RE model, which is captured by the constant term.  
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
 
 
Table 3.7: Coefficients from a logistic rank regression soybean varieties 
Variety 
Participant farmers in on-farm demonstration and PVS 
Round 1 (Production)  Round 2 (Production and marketing) 
Coefficient Std. error  Coefficient Std. error 
Afayak -1.133*** 0.150  -1.147*** 0.152 
Jenguma -1.019*** 0.149  -1.082*** 0.150 
Note: Round 1 indicates when farmers received information about the production attributes of each variety; Round 2 
indicates when farmers received information about the production and market attributes of each variety.  
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
 
 
Table 3.8a: Participants’ ordering of soybean varieties - non-binding ranking and auctions 
Ordering 
Participant farmers in on-farm demonstration and PVS 
Round 1 (Production)  Round 2 (Production and marketing) 
Rank WTP  Rank WTP 
1st Jenguma Jenguma  Jenguma Jenguma 
2nd Afayak Afayak  Afayak Afayak 
3rd Salintua Salintua  Salintua Salintua 
Note: Round 1 indicates when farmers received information about the production attributes of each variety; Round 2 
indicates when farmers received information about the production and market. Rank refers to the ordering of varieties 
from non-binding rankings and WTP refers to ordering of varieties from binding experimental auctions. 
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
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Table 3.8b: Non-participants ordering of soybean varieties - non-binding ranking and auctions 
Ordering 
Non-participant farmers in on-farm demonstration and PVS 
Round 1 (Production)  Round 2 (Production and marketing) 
Rank WTP  Rank WTP 
1st Jenguma Jenguma  Jenguma Jenguma 
2nd Afayak Afayak  Afayak Afayak 
3rd Salintua Salintua  Salintua Salintua 
Note: Round 1 indicates when farmers received information about the production attributes of each variety; Round 2 
indicates when farmers received information about the production and market. Rank refers to the ordering of varieties 
from non-binding rankings and WTP refers to ordering of varieties from binding experimental auctions. 
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
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Figure 3.1: Experimental set up and timeline 
 
 
 
 
 
Figure 3.2: Farmers’ WTP for “Jenguma” variety  
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Figure 3.3: Farmers’ WTP for “Afayak” variety  
 
 
Figure 3.4: Farmers’ WTP for “Salintua” variety  
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Q-Q Plots of WTP for Afayak Variety
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      Participant (Jenguma)                                          Non-participant (Jenguma) 
 
      Participant (Afayak)                                            Non-participant (Afayak)
 
      Participant (Salintua)                                            Non-participant (Salintua) 
 
Figure 3.5: Price dispersion of soybean varieties based on participation in PVS 
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Figure 3.6: Study area showing controls and treated areas 
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Figure 3.7: Sample selection of farmers 
 
 
Figure 3.8: Demand curves for 500g of each soybean variety  
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Figure 3.9: Non-participant farmers’ WTP based on Production and market information 
 
 
Figure 3.10: Participant farmers’ WTP based on Production and market information 
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CHAPTER 4 
TRADER PREFERENCES FOR QUALITY SOYBEAN IN NORTHERN GHANA.24 
 
4.1 Introduction 
Agricultural commercialization refers to the process of increasing the proportion of 
agricultural production that is sold by farmers (Pradhan et al., 2010). It is also an outcome of a 
simultaneous decision-making behavior of farm households in production and marketing (von 
Braun et al., 1994). The process of agricultural commercialization is a strong pathway for 
economic growth, especially so in developing countries with a large population of subsistence 
farmers. Numerous countries in Sub-Saharan Africa (SSA) have implemented a range of donor-
funded development programs to stimulate productivity growth, promote agricultural 
commercialization, and improve the efficiency of agricultural markets (Dillon and Barret, 2017). 
Soybean is considered as important commercialization crop. This is due to its high potential of 
addressing challenges of food insecurity by increasing income and improving nutrition at the 
household-level (Gage et al., 2012). 
Over the last 20 years, soybean has been the fastest growing broad land crop in terms of 
land under cultivation; outpacing the number two and three crops rice and maize, by one-third 
(Tamimie and Goldsmith, 2018). Soybean’s growth results from the rise in incomes and the change 
in diets and food consumption patterns involving shifts to animal-sourced and processed foods. 
While global demand has risen rapidly, SSA farmers and the rural economy have not benefited. 
To date, less than 0.5 of 1% of all the soybean produced originates from SSA, excluding South 
Africa. As a result, and relevant to this manuscript, regional policymakers and development 
operatives in Africa now are looking to develop local soybean value chains to increase economic 
                                                          
24 This paper has benefited immensely from the suggestions and inputs from Peter Goldsmith and Hope Michelson. 
Participation in the Agricultural and Applied Economics Association’s (AAEA) annual meeting and International 
Association of Agricultural Economists (IAAE) meeting provided valuable comments for revising the analysis.  
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development and reduce the imports of food oil and livestock feeds (Peter Goldsmith25, Personal 
Communication, March 26, 2018). 
The introduction of new commercial crops and the associated market interactions presents 
many challenges to smallholders as they navigate new norms associated with long commercial 
value chains (Tamimie and Goldsmith, 2018). Commercialization by definition involves an 
interaction between producers and buyers but is particularly relevant with respect to the subject of 
this manuscript, soybean. Soybean is a non-native non-staple crop; while having many uses: 
requires processing prior to use, and it is predominantly used as a livestock feed. Thus, farmers 
must sell their soybean to buyers such as itinerant traders, aggregators, processors, or retailers for 
use downstream by livestock producers or food manufacturers.  
Fundamental to this commercial transaction is the definition of quality by the buyer, and 
the discounting that results when grain fails to meet the expected standard. In developed country 
settings, grain standards are well defined (GIPSA, 2004).  However, in developing country 
settings, especially with new commercial crops like soybean, standards are not legally defined or 
enforced if defined. This makes it difficult to elicit trader preferences in the market given the 
disparity in trade attributes among the different trader types (wholesalers, retailers, and 
processors). This research aims to improve the symmetry of quality information across the 
soybean transaction interface so that farmers, industry, and policymakers understand how buyers 
define quality and discount the soybean they purchase. Once knowing how traders buy soybean, 
farmers can then improve their quality and make sound investments to raise their prices received 
and reduce the uncertainty they face in the marketplace. 
                                                          
25 http://soyanipesaprojectintanzania.weebly.com 
 http://www.technoserve.org/press-room/detail/technoserve-to-boost-farmer-incomes-through-development-of-soy-
industry-i 
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Although hedonic pricing is useful in eliciting traders’ willingness to pay (WTP), this 
study is limited in terms of capturing all the trade attributes uniquely preferred by trader types. 
Inability to accurately estimate price (aggregate data) and product characteristics may lead to 
omitted variable bias. In addition, the choice of functional form, identification, the definition of 
the extent of the market, and endogeneity are common econometric issues associated with using 
hedonic pricing.  I use a stated choice experiment to elicit traders’ preferences for soybean 
attributes that are common to all the trader types. This method allows the researcher to focus on 
key attributes based on which choices are made and WTP is computed for each of the attributes. 
With this approach, the economic value is revealed through a constructed market based on 
questionnaires. Nevertheless, this approach may lead to overestimation of WTP due to the 
hypothetical nature of the experiment (Jones et al., 2016; Birol, 2010).  
This study contributes to the agricultural commercialization literature in the developing 
world on competitiveness, market integration, price discounting, and quality standards. While 
much research has surveyed farmers as to their preferences with respect to the grains they 
produce, (see Hoffman and Gotubu, 2014; Kadjo et al., 2016) there have only been a few studies 
of buyers (see Kamara et al., 2014; Jones et al., 2016). Presently, there is no study that involves 
soybean. I hypothesize and test the following: (1) significant differences exist in the level of 
discounts across key attributes; and (2) significant differences exist in the level of discounts 
across buyer types operating in the soybean value chain. Specifically, this study extends the 
literature by using preference elicitation methods (latent class model) to quantify buyer WTP for 
improved soybean trade attributes. Secondly, the study contributes to the literature on traders’ 
preferences regarding soybean commercialization in terms of price discounting. Thirdly, the 
study explores preference heterogeneity across buyer types given that their preferences may 
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differ significantly depending on the demands of their customers. A greater symmetry of market 
information will result from the findings, which will benefit farmers, policymakers, and 
development practitioners by improving soybean market performance and reducing pricing 
uncertainty and unfair distortions.   
 
4.2 Background 
Soybean is the most commercialized crop in northern Ghana (Amanor-Boadu et al., 
2015) and its cultivation and commercialization are mostly dominated by women (Dogbe et al., 
2013). These women use portions of the soybean harvest to improve household nutrition. 
Proceeds from soybean are used to support both household consumption and investments in 
children’s education. However, most of these women are land and credit constrained, which 
limits the scale and productivity of their operations (Tamimie and Goldsmith, 2018). Despite 
these constraints, Ghana has achieved a compound annual growth rate of 16% in soybean 
production over the period 2002-201426 (Figure 4.1). Growth in aggregate soybean supply results 
from extensification and not the use of improved technologies or greater factor productivity. 
Domestic demand is over and above the domestic supply, tends to move prices upwards. For 
example, in 2011, annual demand for soybean increased to 150,000 MT, but 50% of the demand 
for feed and food oil have been met through imports (Gage et al., 2012). The poultry industry 
absorbs about 75% of the total soybean demanded annually (Gage et al., 2012). Complementing 
the poultry industry is a large soybean processing plant located in the middle belt of Ghana that 
serves as a marketing outlet for soybean produced locally. Due to the high demand of soybean in 
the consumption regions, some processors (feed millers and poultry industry) (see Pradhan, 
                                                          
26 Data for the production and price series comes from the Statistical, Research and Information Directorate (SRID, 
2016). 
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Dewina, and Minsten, 2010; Gage et al., 2012) resort to imports of high-protein soybean meal to 
supplement the local supply.  
National annual wholesale price of soybean has been increasing with peak levels 
recorded in 2012 and 2015 respectively (Figure 4.2). Prices are largely driven by demand and 
supply of the soybean market. In Ghana, the post-harvest committee and national food buffer 
stock company (NAFCO) of the Ministry of Food and Agriculture (MoFA) determine price 
formation in Ghana. The committee determines the farm gate prices of staple and cash crops to 
ensure that farmers are not worse-off. Most of the work of this parastatal body is centered on the 
two major staples (rice and maize) which are consumed widely among both rural and urban 
households. Large volumes of maize and rice are purchased by this parastatal and supplied to 
schools and hospitals. The grains are supplied to the market in times of shortage to ensure that 
prices are not excessively increased. With respect to soybean, prices are usually high and vary 
significantly due to the low volume of production relative to maize and rice. Moreover, 
production of soybean is concentrated in the northern part of Ghana while consumption mainly 
occurs in the south. A large share of traders is located in the south (Pradhan, Dewina, and 
Minsten, 2010) who travel up north to buy soybean or indirectly buy through their agents. The 
long distance travelled by the traders is associated with several costs27 leading to price variation 
in the pricing system across the different trader types. The spatial price variation may increase 
the tendency for spatial arbitrage. Poor feeder roads linking major growing zones of soybean and 
major roads negatively impact efficient internal trading. Furthermore, inland location of soybean 
production zones and high cost of internal transport hinder Ghana’s competitiveness against 
imported soybean and soybean meal from South America (Gage et al., 2012).  
                                                          
27 The transaction costs include transportation, cost of getting information on desired soybean attributes, and costs of 
coordination to connect buyers to sellers by location, time, and standards. 
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Typically, in northern Ghana, the market system is organized into rural or collecting 
markets, assembly/redistribution markets, and urban consumers (Noma, 2012). Prices are usually 
low during the peak of the harvest but subsequently increase in periods just before the next 
harvest. The timing of sale is sometimes dependent on the type of season and arrangement 
between farmers and traders (SARI, 2013). Soybean trade has different cost structures: 
bargaining or negotiation costs are cost associated with acceptable agreement between parties to 
a transaction; search cost is cost associated with determining the availability of the good with the 
lowest price; transportation costs are costs related to transferring the goods from point of 
purchase to storage or market; and storage costs relates to maintenance, theft, and supervision. 
These costs vary across the marketing distribution channel.  
The soybean marketing distribution channel in Ghana (Figure 4.3) consists mainly of 
intermediaries between producers who are concentrated in Northern Ghana and consumers in 
northern and southern Ghana. About 90% of the soybean traded is purchased from northern 
Ghana while 10% is purchased from Ejura, a district in the Ashanti Region of Ghana. NAFCO, 
NGOs, and World Food Program (WFP) buy large volumes of soybean directly from farmers in 
the production zones and subsequently sell to processing companies. Cost associated with this 
transaction include storage, negotiation, and transportation. Some of the processing companies28 
have purchasing clerks or agents who buy directly from the producers in northern Ghana. This 
arrangement incurs lower cost (searching, negotiation, and transportation) relative to buying 
from either NGOs, government institutions or WFP. Two types of private wholesalers—itinerant 
                                                          
28 Most of the small processing capacity is largely located in the middle belt of Ghana, with limited capacity in the 
south. However, processors prefer to buy as much soybean as they can at harvest to ensure more stable meal prices to 
poultry (Gage et al., 2012). There are quite a number of registered soybean processors in Ghana. Greater Accra has 
about 13 registered processing firm, while Ashanti regions and northern Ghana have five and two respectively (Gage 
et al., 2012; Plahar, 2006). 
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and village level wholesalers serve as intermediaries between wholesalers from the south and 
producers. The wholesalers from the south sell directly to some of the processing companies and 
retailers. Itinerant wholesalers (also referred to as “middlemen”) aggregate soybean from 
different farm locations within northern Ghana while the village wholesalers are resident in the 
village. The resident wholesalers buy soybean from farmer-based organizations (FBOs) or 
individual farmers located within the same village or near the resident wholesaler. 
Comparatively, itinerant wholesalers incur higher transaction cost (searching, bargaining, 
transportation, aggregation, and storage) than resident wholesalers (negotiation, storage, and 
transportation) thus are more likely to buy soybean at lower price from the farmers and resident 
wholesalers and sell at a relatively higher price to wholesalers from the south. Some of the 
itinerant and resident wholesalers have non-verbal contractual arrangement which is not legally 
enforced but based entirely on trust. These wholesalers provide input credit for the farmers at the 
start of the farming season and expect the farmers to sell directly to them at a pre-determined 
price that is favorable to both parties. Due to the non-binding nature of the agreement, some of 
the farmers are likely to renege on the agreement due to higher market price at the time of sale. 
Some of the processing companies purchase their soybean from wholesalers in the south and 
transform it for human and animal consumption. The cost associated with trading by wholesalers 
from the south include searching, negotiation, bargaining, and transportation. Retailers sell 
soybean to households and small-scale processors29 largely dominated by women. In northern 
Ghana, some of the retailers buy directly from the farmers. They incur the lowest cost of 
negotiation and transportation among all the actors. Based on the market structure, trade 
                                                          
29 Small scale or local processors in northern Ghana buy few bags of soybean to process into products such as 
“dawadawa” (a local seasoning used in preparing dishes) and kebabs (Dogbe et al., 2013). 
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preferences are likely to be different for wholesalers, processors, and retailers depending on the 
target market.  
In Ghana, soybean trade is characterized by uncertainty about quality and quantity 
attributes. Grain sampling is done by sight and highly subjective thus increasing the tendency for 
cheating on weight and attributes (Coutler and Onumah, 2002). Buyers are also interested in the 
moisture content of soybean. However, the minimum level of acceptable moisture content is 
uncertain among the buyers and may vary across places within the same country. Lack of 
moisture testing kit accounts for the reason why some of the buyers use their past experience to 
make a subjective judgement on quality soybean with reference to the appropriate moisture 
content. A study on the constraints of soybean production in Ghana by Mbanya (2011) indicates 
that the crop is subjectively graded based on size, shape and color. The subjectivity of the 
grading differs across buyer types. While some buyers (processors) are mostly interested in the 
oil content of the grains, others (wholesalers and retailers) may also value the physical attributes. 
This is attributed to lack of consensus on soybean attributes and lack of enforcement. A common 
trade attribute preferred by all traders is soybean with minimal or no foreign materials. These 
foreign materials affect the quality of the end product of soybean whether domestic processing 
for human or animal consumption. Traders generally discount the price paid to farmers who are 
unable to meet the base quality requirements. Uncertainty in the attributes of soybean, 
government policy, and difficulty in contract enforcement increases the risk to traders and 
subsequently impact negatively on farmers’ income. 
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4.3 Experimental Design  
4.3.1 Selection of attributes 
The attributes of soybean presented to the traders and the levels over which they vary in 
the choice experiment were established through literature search, consultation with trade expert, 
and focus group discussions. Five main soybean attributes were identified: color, size, debris, 
variety (proxy measurement of oil content) and price. Summary of the attributes, levels, and 
description are displayed in Table 4.1. These attributes were carefully chosen to reflect a general 
preference among the different buyers in our sample. Secondly, fewer attributes in a choice set 
allow buyers to make an actual choice by reducing or eliminating the tendency to ignore one or 
more of the attributes in the experiment, referred to as attribute non-attendance (ANA) (Hensher 
and Greene, 2010).  
Color of soybean grain is a very important attribute among buyers. Discoloration in 
soybean caused by a fungus is considered to be damaged (Guinn, 2002). A brightly colored 
soybean is most preferred by 73% (166) of the sampled traders. According to the sampled 
traders, it is a sign of healthy grains and more likely to be easily sold. A major challenge with 
smallholders is lack of improved storage and threshing equipment. Most farmers manually thresh 
and then store soybean in improvised storage structures with little temperature control.  Poor 
storage leads to high levels of mold and a subsequent change in color. However, soybean that is 
adequately dried and well stored have a higher rate of color retention and attract relatively higher 
price (GHS12 above the minimum market price) from traders.  
Two different sizes (big and small) of soybean were defined following from the focus 
group discussion and expert consultation. Buyers looking to supply soybean for processing into 
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soybean meal for poultry feed prefer a larger soybean because of the higher yield of meal.  Trade 
occurs by weight; thus, smaller grain size produces less volume within the standard 104kg bag.   
Foreign material is highly undesirable trade attribute in soybean. Foreign materials are 
“materials which readily passes through an 8/64 inch (3.2 mm), round-hole, perforated sieve and 
any material other than soybeans remaining atop the sieve” (Guinn, 2002). Contamination of 
soybean with foreign materials occurs through harvesting, threshing, and transportation. 
Removal of debris from the grains can also be labor-intensive. Traders primarily discount 
soybean with high levels of foreign matter because higher levels result in less grain purchased 
and less oil and soybean yield per ton of purchases. Additionally, the presence of foreign 
materials affects both drying and storage efficiency as well as the quality-processed products 
such as oil and protein meal. The higher moisture content of such foreign materials can also 
negatively affect the color of the soybean.  
Varieties vary with respect to oil content, color and pod shatter. Given that traders do not 
buy based on varieties, we presented three varieties of soybean with information on the oil 
content: “Jenguma” – high oil content; “Salintua I” – low oil content; and “Salintua II” – very 
low oil content. The buyers make their choice based on the oil content.  
Three levels of prices were specified: GHS30170, GHS200, and GHS230 per bag (104kg). 
Trade experts in the soybean business informed the choice of these prices. The prices were 
carefully selected to reflect the different levels of soybean attributes and market prices across the 
three regions. For example, soybean that satisfies all the required attributes such as “Jenguma" 
variety, deep brown, big, and stone free attracts a price of GHS230 whereas soybean that falls 
short of these qualities attracts a relatively lower price (GHS170 and GHS200). 
                                                          
30 GHS represents Ghana cedi; Exchange rate is 1USD=GHS4.361 (Source: Bank of Ghana, 2017) 
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4.3.2 Design of choice experiment 
I employ the OPTEX procedure in SAS to establish the optimal experimental design 
using the attributes and levels described previously. With three attributes varying across two 
levels each and two attributes varying across 3 levels, there were 72 (32 ∗ 23) possible 
combinations of attributes and their levels. The D-optimal design with modified Federov search 
algorithm with a full-factorial design constituting the candidate set was used. A total of 18 choice 
sets (row) were generated and put into three blocks, with each block consisting of six choice sets. 
Each participant of the choice experiment was randomly assigned to a block and provided with 
six independent choice sets. Participants did not face the full set of choices in order to reduce the 
likelihood of response fatigue. Figure (4.4) shows an example of one of the choices set scenarios 
with illustrations to accommodate different levels of literacy among the participants.  
 
4.3.3 Study area and sampling design 
The study was conducted in the Guinea and Sudan Savannah agro-ecological zone of 
Ghana. The Guinea and Sudan Savanna agro-ecological zone of Ghana consisting of Northern, 
Upper East and Upper West regions. Agriculture is the main source of income for most of the 
inhabitants (SRID, 2012; Gage et al., 2012). The major crops grown are maize, sorghum, millet, 
rice, soybean and cowpea, while livestock includes cattle, sheep and goats, as well as poultry. 
Soybean is a relatively new crop in Ghana and cultivated mostly by smallholder farmers under 
rain-fed conditions (Akramov and Malek, 2012). Upper East, Upper West, Northern, Brong-
Ahafo and Volta Regions are the major soybean production areas in Ghana (SRID, 2012) but 
Northern Region alone contributes about 70% (49,950 ha) of national soybean area and about 
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66% of national (76,000 ha) production (SRID, 2012). The average yield and area cultivated for 
soybean are 1.2 MT/ha and less than 0.8 hectares respectively.  
Three broad categories of traders as defined previously characterize the soybean trade in 
northern Ghana-- wholesalers, processors and retailers. Wholesalers are mostly individuals or 
organizations who buy large quantities of soybean from different sources to either resell to 
processing firms or regional markets. Processors are individuals or private firms who buy 
soybean from wholesalers or directly from farmers. Retailers are traders (largely dominated by 
women) who engage in smaller volume of soybean trade and sell directly to "pure" consumers. 
These traders are local residents in farming communities who buy soybean at the farm gate and 
engage in smaller volumes of trade in the local markets. 
The target population is soybean traders in northern Ghana who have engaged in soybean 
trade for at least a year. A sample of 228 traders was sampled from the target population. The 
identification of traders began with consultation of key stakeholders of the soybean value chain 
such as research institutions, NGO’s, producer organizations and trade groups. To ensure that 
this study is representative of traders in general, I use a multistage sampling technique to sample 
three classes of traders (wholesalers or aggregators, processors and retailers). In the first stage, I 
purposively select nine districts within the Guinea and Sudan Savannah agro-ecological zone 
based on volume of soybean produced and traded. The second stage of sampling followed with 
clustering of the traders such that wholesalers, processors, and retailers are represented within 
each cluster. Figure 4.5 shows the study area indicating the volume of soybean purchase31 and 
cluster of traders from which the sample was drawn. In the third stage, wholesalers, processors, 
                                                          
31 The traders in our sample report purchases of 4,517 tons in the Northern region, 1963 tons in the Upper West, and 
398 tons in the Upper East (Source: Trader survey in northern Ghana, 2017).  
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and retailers were randomly selected from the clusters. In aggregate, 85 wholesalers, 48 
processors and 95 retailers were sampled within the Guinea and Sudan Savannah agro-ecological 
zone of Ghana. Table 4.2 shows a summary of the sampling procedure.  
 
4.4 Data and Descriptive Statistics  
4.4.1 Data 
Data for the analysis are from the Savannah Agricultural Research Institute (SARI). 
Information for this study was drawn from two data sources: (1) trader survey and (2) choice 
experiment survey. Both surveys were conducted June and July of 2017 in northern Ghana by 
trained enumerators. Grain harvest normally takes place in November, while planting occurs in 
July.  Thus, the sample trade setting is late season when grain stocks are relatively low, and grain 
prices are relatively high.  
The trader survey involves interviews of wholesalers, processors, and retailers. A 
questionnaire was designed and pretested with focus groups of traders. Feedback from the focus 
group discussion was used to improve the final version of the survey instrument. Interviews took 
place at different times of the day and days of the week depending on their availability and 
willingness to participate. However, about 3% of the traders declined to participate due to their 
busy schedule and were replaced with other traders from our sample frame. Most of the 
interviews took place in the markets when traders were idle. The SARI team prearranged 15 of 
the meetings with processors (9) and wholesaler (6), which allowed for greater enumeration 
efficiency. The trader dataset contains information on 228 traders who participated in the survey. 
Some of the information captured in the data include demographics, trade characteristics (type of 
soybean trading business, quantity purchased, sources of purchase, period of purchase, and 
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trading partners), preference of soybean varieties (type and quantity of soybean purchased, 
source of purchase, and price), soybean attributes preferred by traders, and transaction cost. The 
survey provides information on how traders discount the price of soybean for inability to meet 
the required preferred traits such as color, size, and debris. The dataset is limited in terms of 
identifying other important traits which influence the pricing system and WTP thus limiting the 
use of hedonic pricing model to estimate traders’ WTP. 
The second dataset contains information on traders’ choice and WTP for soybean traits 
using a choice experiment survey. All buyers who participated in the first survey also 
participated in the choice experiment survey. Each trader had the opportunity to make six 
choices of a preferred trade attribute among alternatives with corresponding WTP. This brings 
the total observation to 1368. I link the trader survey data to the data from the choice experiment 
survey using a unique trader identification number. The enumerators employed different 
strategies to ensure that the tendency to ignore one or more of the attributes in the experiment is 
minimized during the choice experiment. Some of these strategies include effective articulation 
of the purpose and steps in the experiment and end-use, testing the understanding of respondents, 
and pausing at regular intervals when respondents are distracted.   
 
4.4.2 Descriptive statistics 
Summary statistics of the sample based on trader type are reported in Table 4.3a and 
4.3b. This analysis is considered appropriate given that the objective and activities regarding 
soybean trade may differ across the trader types. Table 4.3a shows the mean and standard 
deviations of the variables while Table 4.3b shows the difference in mean among the trader 
types. Over 85% of our sample were females, and 100% of the retailers were women (Table 
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4.3a). The average age of a trader is 43 years and married with approximately two years of 
formal education while aggregators have slightly over two years of formal education. We only 
observed statistically significant difference in the education of aggregators and retailers at 1% 
level of significance (Table 4.3b). This has implications on the type of decisions they make and 
their ability to engage with other educated trade partners.  
Traders in the sample on average have varying levels of annual purchase volumes of 
soybean: aggregators purchase 54,414 kg; processors purchase 37,231 kg; retailers purchase 
4,895 kg. The results show no statistically significant difference between processors and retailers 
and processors and aggregators. However, I observe a statistically significant difference in the 
annual volume of soybean purchased between aggregators and retailers.  
The sample traders buy soybean from three main sources; farmers, farmer organizations, 
and itinerant traders or “middlemen.” On average, traders buy 88 bags and 56 bags of soybean 
from farmers during the normal (December through May) and abundance period (June through 
November) respectively. The data show that traders buy 30 bags and 7 bags of soybean 
respectively from farmer organizations during the normal and abundance periods while 38 bags 
and 47 bags of soybean were purchased from itinerant traders during the same periods (Table 
4.3a). The results suggest that traders generally rely on itinerant traders for soybean supply 
during the normal (where supply is generally low) period. Comparatively, I observe a 
statistically significant difference in the quantity of soybean purchased from farmers and 
itinerant traders in both the abundance and normal periods between aggregators and retailers. 
Nevertheless, no significant difference is observed between aggregators and processors as well 
as retailers and processors. 
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Table 4.4 shows the preferred soybean attributes (color, size, debris and oil content) 
based on trader type. Regarding the total amount paid for meeting all required standards, 
processors were willing to pay as high as GHS156 followed by retailers (GHS154) and 
aggregators (GHS150) in that order. Color of soybean is a desirable attribute for all trader types 
given that more than 70% of the sample reported high preference for color attribute while more 
than 60% often reject soybean from farmers due to their inability to meet the required color 
specification. Deep brown soybean is usually the preferred trait. Aggregators pay the lowest 
price (GHS124) for inability of farmers to meet the desired color attribute followed by 
processors (GHS129) and retailers (GHS135). Retailers are more flexible in their choice of 
soybean attributes since their target customers are "pure" consumers who may not necessarily be 
strict in terms of the choice they make. The results also show that processors have the lowest 
rejection rate of soybean for inability to meet the color preference.  
Size is more preferred among processors (79%) and aggregators (73%) than retailers 
(66%). Similarly, discounting the price for inability to meet the desired size attribute (big size) is 
also more pronounced among aggregators and processors relative to retailers. Aggregators pay 
the lowest price (GHS120) to farmers for supplying soybean grain of smaller size. However, 
processors (GHS127) and retailers (GHS133) pay a little above the value of aggregators. Debris 
is the most undesirable soybean attribute among all traders. The results show that more than 90% 
of the traders prefer soybean without foreign particles but all the processors prefer soybean 
without foreign materials. Regarding the amount paid to farmers for their inability to supply 
clean soybean, aggregators pay the lowest price (GHS123). On the other hand, processors 
(GHS129) and retailers (GHS130) pay marginally above the price offered by the processors.  
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Oil content is not directly observed among traders but the type of soybean variety and the 
size give an indication of what the oil content is likely to be. The end use of the soybean also 
determines the value associated with the attribute. The results show that both processors and 
retailers have the same preference for oil content while aggregators record the highest preference 
(65%). Retailers pay the highest (GHS125) for inability to meet the desired attribute (high oil 
content) but processors (GHS123) and aggregators (GHS119) discount the price more than the 
retailers do.  
 
4.5 Empirical Methodology  
4.5.1 Theoretical framework 
The underlying theoretical framework for modeling preference elicitation studies hinges 
on two main theories: random utility theory (Mcfadden, 1973) and Lancaster theory of value 
(Lancaster, 1966). Choice modelling based on Lancastarian consumer theory allows the 
researcher to estimate marginal values for attributes of specific goods or services including non-
market goods and services (Lusk and Shogren, 2007). Random utility framework postulate that 
an individual chooses among alternatives based on the utility associated with that choice.  
Given that traders are also consumers, their behavior is modeled within the context of 
utility maximization where the utility of profit from trade is maximized by choosing a 
combination of trade attributes among a set of possible alternatives subject to transaction costs 
(transportation, negotiation, search, and storage). Assuming the expected utility of trader 𝒊 
choosing a soybean trade alternative 𝒋 is defined as: 
 
𝐸𝑈𝑖𝑗 = 𝑉(𝑋𝑗 , 𝑍𝑖𝑗) + 𝜀𝑖𝑗                                                                           (4.1) 
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where 𝑋𝑗 is a vector of soybean attributes associated with alternative 𝑗 (color, size, varieties, 
debris and price);  𝑍𝑖𝑗 is a vector interaction between trader-specific characteristics 
(socioeconomic and trade characteristics) and choice variables; 𝜀𝑖𝑗 is the random error term that 
is unobserved by the researcher.  
Following the above expression, a trader 𝑖 presented with 𝐺 alternatives contained in the 
set 𝑆, will choose 𝑗 if and only if the utility from choosing 𝑗 is greater than the expected utility 
from any other alternative 𝑘 (𝐸𝑈𝑖𝑘): 
𝐸𝑈𝑖𝑗 = 𝑉(𝑋𝑗, 𝑍𝑖𝑗) + 𝜀𝑖𝑗 > 𝐸𝑈𝑖𝑘 = 𝑉(𝑋𝑘, 𝑍𝑖𝑘) + 𝜀𝑖𝑘    ∀𝑗 ≠ 𝑘; 𝑗, 𝑘 ∈ 𝑆                 (4.2) 
The individual trader choice is random due to the unobserved error component thus making 
the random utility the probability (𝑃(𝑘)) of making an alternative choice among a set of 
alternatives. Equation 2 can be expressed in terms of probability following the previous argument 
of expected utility as: 
 
 𝑃(𝑘) = 𝑃(𝑉(𝑋𝑗, 𝑍𝑖𝑗) + 𝜀𝑖𝑗 > 𝑉(𝑋𝑘 , 𝑍𝑖𝑘) + 𝜀𝑖𝑘)  ∀𝑗 ≠ 𝑘; 𝑗, 𝑘 ∈ 𝑆                (4.3𝑎) 
𝑃(𝑘) = 𝑃(𝜀𝑖𝑘 − 𝜀𝑖𝑗 < 𝑉(𝑋𝑗, 𝑍𝑖𝑗) − 𝑉(𝑋𝑘, 𝑍𝑖𝑘) + 𝜀𝑖𝑘)                           (4.3𝑏) 
 
4.5.2 Econometric models 
This study employs experimental choice modelling to analyze traders’ preference for 
attributes of quality soybean among alternatives. With choice experiments, stated preference is 
measured, as opposed to revealed preference where participant’s preference is based on observed 
market transactions (Loureiro, McCluskey, and Mittelhammer, 2003). According to Colombo, 
Hanley, and Louviere (2009), choice experiments allow for relatively straightforward estimation 
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of welfare effects due to incremental changes in the levels of the attributes included in the 
analysis.  
Assuming that traders maximize their expected random utility from trading decision such 
that trader 𝑖 faces 𝐺 alternatives contained in the set 𝑆 during occasion 𝑡. Let 𝑉𝑖𝑗𝑡
∗  be a latent 
variable which denotes the value function associated with trader 𝑖 choosing option 𝑗 ∈ 𝐺 during 
occasion 𝑡. Trader 𝑖 will choose alternative 𝑗 so long as 𝑉𝑖𝑗𝑡
∗ > 𝑉𝑖𝑘𝑡
∗  for all 𝑘 ≠ 𝑗 under the condition 
of fixed budget constraint. However, the indirect utility 𝑉𝑖𝑗𝑡
∗  is not observed by the researcher but 
instead the actual utility is directly observed by maximizing choice 𝑉𝑖𝑗𝑡, where: 
 
𝑉𝑖𝑗𝑡 = {
1    𝑖𝑓  𝑉𝑖𝑗𝑡
∗ = max( 𝑉𝑖1𝑡
∗ ,  𝑉𝑖2𝑡
∗ , … . , 𝑉𝑖𝐺𝑡
∗ )
0       𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                         
                                               (4.4) 
 
Assuming linearity, the indirect utility function of individual 𝒊 is expressed as:   
𝑉𝑖𝑗𝑡
∗ = 𝑋𝑖𝑗𝑡
′ 𝛽 + 𝜀𝑖𝑗𝑡                                                                                    (4.5) 
where  𝑋𝑖𝑗𝑡
′  is a vector of characteristics of each choice for the 𝑗𝑡ℎ alternative, 𝛽 is a vector of 
preference parameters, and 𝜀𝑖𝑗𝑡 is a stochastic component of utility which captures unobserved 
variations in tastes and errors in trader perceptions and optimization (Ward et al., 2014). The 
stochastic component is independently and identically distributed (iid) across individuals and 
alternative choices and takes a predetermined (Gumbel or extreme value type I) distributions 
with a cumulative distribution function 𝐹(𝜀𝑖𝑗𝑡) = exp [− exp(−𝜀𝑖𝑗𝑡)] and corresponding 
probability density function 𝑓(𝜀𝑖𝑗𝑡) = exp [−𝜀𝑖𝑗𝑡 − exp(−𝜀𝑖𝑗𝑡)].  
The probability of observing 𝑉𝑖𝑗𝑡 = 1 (that is the trader chooses option 𝑗 given all other 
alternatives in 𝑆) is expressed as:  
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𝑃𝑟𝑜𝑏(𝑉𝑖𝑗𝑡 = 1) = 𝑃𝑟𝑜𝑏(𝑋𝑖𝑗𝑡
′ 𝛽 + 𝜀𝑖𝑗𝑡 > 𝑋𝑖𝑘𝑡
′ 𝛽 + 𝜀𝑖𝑘𝑡) 𝑓𝑜𝑟  𝑎𝑙𝑙 𝑘 ∈ 𝑆, ∀ 𝑘 ≠ 𝑗          (4.6) 
 
𝑃𝑟𝑜𝑏(𝑉𝑖𝑗𝑡 = 1) = 𝑃𝑟𝑜𝑏(𝜀𝑖𝑘𝑡 < 𝑋𝑖𝑗𝑡
′ 𝛽 + 𝜀𝑖𝑗𝑡 − 𝑋𝑖𝑘𝑡
′ 𝛽)  𝑓𝑜𝑟  𝑎𝑙𝑙 𝑘 ∈ 𝑆, ∀ 𝑘 ≠ 𝑗           (4.7) 
 
With the assumption that 𝜀𝑖1𝑡, 𝜀𝑖2𝑡, … , 𝜀𝑖𝐺𝑡 are identically and independently distributed 
(iid) extreme value (Train, 2009), I can express the probability of observing alternative 𝑗 selected 
over all other alternatives conditional on the observed levels of the attribute vector for all 
alternatives in the choice set 𝑆 as:  
𝑃𝑟𝑜𝑏(𝑉𝑖𝑗𝑡 = 1|𝑋𝑖1𝑡
′ , 𝑋𝑖2𝑡
′ , … , 𝑋𝑖𝐺𝑡
′ , 𝛽) =
exp(𝑋𝑖𝑗𝑡
′ 𝛽 + 𝜂𝑄𝑖𝑗𝑡)
∑ exp(𝑋𝑖𝑘𝑡
′ 𝛽 + 𝜂𝑄𝑖𝑘𝑡)
𝐺
𝑘=1
                     (4.8) 
 
where equation (4.8) represents the conditional logit (CL) model which is estimated using the 
maximum likelihood estimation; 𝑄𝑖𝑗𝑡 is an alternative specific constant (ASC) which takes a 
value of 1 for status quo (preferred soybean attributes) and zero otherwise, with an associated 
coefficient 𝜂. The CL model assumes that preference structure are homogeneous across traders. 
This may not necessarily hold true given that individual characteristics are likely to explain 
portion of the preferences traders have toward soybean attributes.  
Using equation (4.8), the N-vector of parameters 𝛽 = (𝛽1, 𝛽2, … . , 𝛽𝑁) representing tastes 
and preferences over the 𝑁 attributes can be interpreted as marginal utilities and the ratio of any 
two of such marginal utilities is the marginal rate of substitution of one for the other. Assuming 
the coefficient on the 𝑁𝑡ℎ attribute is price, say 𝛽𝑁 (marginal disutility of price), then the 
willingness to pay for a specific attribute (also called marginal rate of substitution) is estimated 
as:  
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𝑊𝑇𝑃 = −
𝛽𝑛
𝛽𝑁
,     𝑛 ∈ [1, 𝑁 − 1]                                                       (4.9) 
where 𝛽𝑛 is the estimated parameter for the 𝑛𝑡ℎ attribute. Following the argument of Ward et al. 
(2014), the negative sign implies that the marginal utility of income is the negative of the marginal 
disutility of cost which ensures that the marginal utility for desirable (undesirable) attributes are 
positive (negative).  
I assume that soybean traders are heterogeneous and their preferences for trade attributes 
may also be heterogeneous. A more frequent way of evaluating preference heterogeneity is the 
estimation of a random parameters logit (RPL) model. The RPL relaxes the limitations of the 
conditional logit (CL) by allowing random taste variation within a sample based on a specified 
distribution (Mcfadden and Train, 2000). To allow for preference heterogeneity across traders, I 
include individual-specific characteristics, 𝑍, that are interacted with alternative-specific 
attribute-levels. Based on Train (2009), the unconditional choice probability that individual 𝑖 
chooses alternative 𝑗 within the choice set 𝑆 in situation 𝑡 is given by:  
 
𝑃𝑟𝑜𝑏(𝑉𝑖𝑗𝑡 = 1|𝑋𝑖1𝑡
′ , 𝑋𝑖2𝑡
′ , … , 𝑋𝑖𝐺𝑡
′ , Θ) = ∫
exp(𝑋𝑖𝑗𝑡
′ 𝛽𝑖 + 𝜂𝑄𝑖𝑗𝑡 + 𝜆𝑍𝑖𝑋𝑗)
∑ exp(𝑋𝑖𝑔𝑡
′ 𝛽𝑖 + 𝜂𝑄𝑖𝑔𝑡 + 𝜆𝑍𝑖𝑋𝑔)
𝐺
𝑔=1
𝑓(𝛽|Θ)𝑑𝛽 (4.10) 
 
where vector Θ refers collectively to the parameters characterizing the distribution of the random 
parameters (e.g. mean and covariance of 𝛽), which the researcher can specify. This allows the 
researcher to estimate a distribution of preference parameters for each individual.  
Economic theory usually guides the choice of distribution for the attributes since theory 
can predict the sign on a variable. A normal distribution is specified for each of the attributes 
since it is more flexible and allows for both negative and positive coefficient for a given 
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attribute. Secondly, it is difficult to decide on the signs on each of the trade attributes under 
consideration. I implement the Carson and Czajkowski (2013) parameterization of the coefficient 
on price, which is accomplished by specifying the coefficient on the negative of price as log-
normally distributed with zero variance. However, we allow the coefficient corresponding to the 
constant (ASC) and all other attributes to vary normally. The RPL is estimated using simulated 
maximum likelihood with 100032 Halton draws. Following Hole (2007), the confidence intervals 
for each of the attribute WTP is estimated using the delta method.  
To gain deeper understanding of preference heterogeneity across traders, I employ the 
latent class logit (LCL) model.  Preferences for trade attributes may differ significantly among 
traders since the sample consist of three different types of traders and their individual 
characteristics are likely to influence preferences for certain characteristics of soybean traits. 
According to Swait (1994), the LCL framework assumes that individuals are members of a group 
that has particular preferences, independent of the choice problem being examined. Assuming 𝐻 
classes in the population and individual 𝑖 belonging to class ℎ(ℎ = 1, … , 𝐻), the indirect utility 
function can be expressed as:   
𝑈𝑗𝑖|ℎ = 𝑋𝑗𝑖
′ 𝛽ℎ + 𝜀𝑗𝑖|ℎ                                                                         (4.11) 
where 𝛽ℎ is the vector of preferences parameters for class ℎ, 𝑋𝑗𝑖
′  is a vector of individual 
alternative specific characteristics and 𝜀𝑗𝑖|ℎ is the random portion of utility for individual 𝑖 of 
class ℎ. Selection of respondents into a specific class is determined by socioeconomic, location 
and trade characteristics which are hypothesized to influence preferences. The probability of 
individual 𝑖 selecting alternative 𝑗 is partially dependent on the specific class of population the 
respondent belongs to and preference parameters varying by class as:   
                                                          
32 This is based on the recommendation by Bhat (2001). 
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𝑃𝑖|ℎ(𝑗) =
exp(𝑋𝑗
′𝛽ℎ)
∑ exp(𝑋𝑠′𝛽ℎ)
𝐽
𝑖=1
                                                                  (4.12) 
Following Holmes and Adamowicz (2003), the logit model that identifies the class membership 
is expressed as follows:  
𝑃𝑖ℎ =
exp(𝑍𝑗
′𝛾ℎ)
∑ exp(𝑍𝑗
′𝛾ℎ)
ℎ
ℎ=1
                                                                  (4.13) 
where 𝛾 is a vector of parameters and 𝑍 is as previously defined. The Bayesian information 
criterion (BIC) and Akaike information criterion (AIC) inform the choice of classes (Swait, 
1994). Equations (4.12) and (4.13) are combined to obtain the joint probability of individual 𝑖 
belonging to class ℎ and selecting alternative 𝑗 as: 
 
𝑃𝑖(𝑗) = ∑[
𝐻
ℎ=1
𝑃𝑖|ℎ (𝑗)𝑃𝑖ℎ] = ∑ (
exp(𝑅𝑗
′𝛾ℎ)
∑ exp(𝑅𝑗
′𝛾ℎ)
ℎ
ℎ=1
) ∏ (
exp(𝑋𝑗𝑖𝑠
′ 𝛽ℎ)
∑ exp(𝑋𝑗𝑖𝑠
′ 𝛽ℎ)
𝐽
𝑖=1
)
𝑆
𝑠=1
𝐻
ℎ=1
             (4.14) 
 
The basic model specification (CL model) indicated that none of the attributes deviated 
from the a priori expectation. This indicate absence of attribute non-attendance (ANA) in the 
choice of soybean attributes by the traders. Based on equation (4.10), the average marginal 
willingness to pay (MWTP) for one unit of improvement in any of the attribute is estimated as 
follows:  
𝑀𝑊𝑇𝑃 = − (
𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒̂ + ∑ 𝜆𝑖𝑑𝑊𝑑
𝐷
𝑑=1
𝛽𝑐𝑜𝑠?̂? + ∑ 𝜃𝑖𝑑𝑊𝑑
𝐷
𝑑=1
)                                                       (4.15) 
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where 𝑊 represents the fraction of the study area population that falls into each of the 𝑑 
socioeconomic, location and trade characteristics accommodated in equation (4.8) and all other 
parameters previously defined hold. Equation (4.15) shows the adjusted average MWTP that 
corrects for the potential differences in survey respondents not being representative of the 
demographic characteristics of the study area in general (Han, Kwak, Yoo, 2008). I finally 
computed the MWTP for each class 1 through 𝐻, using the coefficient from equation (4.12) as:  
 
𝑀𝑊𝑇𝑃 = − (
𝛽𝑎𝑡𝑡𝑟𝑖𝑏𝑢𝑡𝑒̂
𝛽𝑐𝑜𝑠?̂?
)                                                       (4.16) 
4.6 Results and Discussion 
The conditional logit (CL) and random parameter logit results are reported in Table 4.5 
while the result of the latent class specification is reported in Table 4.7. The results of the CL 
model inform the variables used in the determination of class membership in the LCL model. 
Preference heterogeneity in the choice of soybean attributes is revealed by the RPL results. Two 
variants of the RPL were estimated. The first specification does not allow for correlation among 
attributes while the second specification allows for correlation among attributes. All the soybean 
trade attributes are statistically significant and have the expected signs across all the model 
specifications. However, the magnitude of the coefficient for the RPL are consistently higher 
than the CL model estimates. For purpose of clarity, quality is defined as “Jenguma” soybean 
variety (high oil content) with deep brown color, bigger size and contain no foreign materials 
while low quality is a deviation from these defined attributes.  
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4.6.1 Econometric models 
In the CL model, I include only the attributes to ascertain their relationship with the 
choice variable. All the variables were significant except the relatively low oil content variety 
(“Salintua II”). Traders’ associate high disutility for soybean with debris. The significant and 
positive ASC suggests that the respondents relative to the other choices (option 1 and 2) prefer 
the status quo (quality soybean). This indicates that most of the traders gain more utility from 
buying “Jenguma” soybean variety (high oil content) with deep brown color, bigger size and no 
particles of foreign materials. However, the CL result is more restrictive since it does not allow 
for preference heterogeneity in the choice of the soybean attributes. The RPL and the LCL 
results are discussed.  
The log-likelihood (LL) and AIC values reported in Table 4.5 justify the use of RPL to 
model traders’ preferences for soybean quality. Furthermore, the RPL specification with 
correlation among attributes is the best option given that it has relatively lower LL and AIC. 
However, results of the RPL (Column 3) which do not allow for correlation among attributes 
have reasonably lower standard deviations of the attributes relative to the RPL results with 
correlation among attributes. Following the advice of Revelt and Train (1998), the analysis 
focused on the RPL result without correlation among attributes. The choice of this model is more 
justified given that the choice experiment was designed to allow for minimum correlation 
between the attributes33. The results show that none of the standard deviations in this model are 
significant.  
The significance of the standard deviations of the attributes in the RPL result suggests 
preference heterogeneity in the traders’ choice of size, variety (oil content) and debris. The 
                                                          
33 The results show that only 5 out of the 15 attribute interaction terms were significant. The results are not reported 
in the interest of brevity but available upon request. 
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significance of the standard deviation of the ASC shows a violation of the independence of 
irrelevant alternatives (IIA) assumption, therefore the use of RPL is appropriate in relaxing this 
assumption. The coefficient and sign on the color attribute indicate that traders prefer deep 
brown soybean. Similarly, the sign on the size and variety 3 attributes show that traders prefer 
bigger size soybean and dislike the “Salintua II" variety (less oil content). Comparatively, the 
magnitude of the coefficient on debris attributes is higher relative to all the other attributes. The 
sign also indicates that traders dislike soybean with foreign materials. Similar to the CL model, 
the RPL model has a positive and significant ASC, indicating that the traders prefer the status 
quo (desirable attributes) option, irrespective of the change in the levels of attributes. Variety 2 
which capture “Salintua I" (relatively low oil content) is statistically not significant although it 
had the expected sign.  
The socioeconomic, region-specific and trade control variables were included in the RPL 
model to account for a portion of the variation in the preference heterogeneity among traders. 
Traders in the Northern Region of Ghana are more likely to compromise on the quality of 
soybean purchased relative to traders in the Upper regions of Ghana. This is consistent with the 
information generated from the pre-choice experiment survey where traders in Northern Region 
insisted they value quality soybean but failure on the part of farmers to meet these requirements 
do not lead to total rejection but on the contrary discount the price. There is the need to enforce 
quality standards and farmers must be supported through training on good agricultural and 
postharvest practices and provided with market information to enable them to improve on the 
quality of soybean production. Highly educated traders are less likely to buy low quality soybean 
from farmers. Education allows individuals to make informed decisions regarding standards and 
quality associated with soybean trade. Traders who buy soybean from itinerant traders are more 
136 
 
 
likely to buy low quality soybean. Aggregating soybean from different sources which is a 
common practice among itinerant traders is more likely to compromise on quality.  
Figure 4.6 shows the kernel distribution of the soybean attributes derived from the RPL 
model. The distribution shows a wide variation in the marginal utility each trader associated with 
debris, “Salintua II” and color attributes. The distributions are uniform for debris relative to the 
other attributes with a significant portion of the preference weight within the negative support of 
the distribution indicating fewer desirable attributes. However, a significant proportion of the 
traders associated positive preference weight with the variety and size attributes. This indicates 
that while significant proportion of the traders prefer “Jenguma” soybean variety (high oil 
content) with bigger size, there is also a significant variation in terms of the preference weight 
associated with these attributes. There is little variation in the marginal utility each trader 
associates with color attributes; however, a significant proportion of the preference weights lie 
within the negative support of the distribution. Variety 2 (“Salintua I”) seems to have the same 
preference weights both in the negative and positive support of the distribution indicating that 
traders were indifferent between choosing the preferred variety (“Jenguma”) over variety 2 
(“Salintua I”) ceteris paribus. 
The coefficients of the attributes and the price were used to estimate WTP values for each 
of the attributes. A box plot was employed to demonstrate the significant heterogeneity in 
traders’ WTP for improved soybean trade attributes (Figure 4.7). The box plots show that traders 
associate negative WTP for all the attributes except variety 2 (“Salintua I") where traders 
associate both positive and negative WTP. This suggests that traders are indifferent with their 
WTP for either “Salintua I" or “Jenguma". The results showed a wide variation of WTP across 
traders for debris followed by variety 3 (“Salintua II") and size. Comparatively, traders were 
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more willing to pay less for debris relative to variety 3 (“Salintua II") and size. For the size 
attribute, the distribution of traders willing to pay above and below the mean WTP is almost the 
same but differs significantly for debris where majority of the traders were willing to pay less 
above the mean WTP. Consistent with the distribution of the marginal utility (Figure 4.6), the 
results indicate the existence of variation across traders in their WTP for the color attribute. In 
summary, the distribution of traders’ WTP for soybean attributes illustrates that traders discount 
price for failure to satisfy the base level of preferred soybean attributes. 
 
4.6.2 Preference heterogeneity by trader type 
Table 4.6 shows that variation exists in the WTP across trader types based on the sample. 
The result indicates a particular pattern of valuation for the different soybean trade attributes 
among the different traders. Generally, traders were willing to discount the price of a bag of 
soybean for failure on the part of farmers to satisfy the preferred attributes. For instance, 
attributes such as debris, variety 3 (“Salintua II"), size, and color are the most valuable attributes 
for all traders. The results indicate that processors value color, size, and variety 3 more than 
aggregators and retailers. This is reflected in the amount they are willing to pay to farmers and 
organizations for the supply of “Salintua II," light brown and small size soybean. However, 
aggregators record the lowest mean WTP for soybean that contains foreign materials. By 
comparing retailers and aggregators, the former is more interested in the size and variety 3 
attributes relative to the aggregators. Retailers value the color attribute more than aggregators do. 
  Based on the WTP values for each of the soybean attributes across the different traders, I 
investigate the existence of significant heterogeneity in the demand for soybean attributes by 
plotting the WTP against the percentage of traders. Figure 4.8 illustrates the demand for quality 
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soybean as a function of the individual attributes related to the purchase of soybean. The figure 
shows the relative demand for each of the five attributes in terms of price. Demand for soybean 
is generally negative for about 80% of the sample but variation exists in terms of the magnitude 
of demand across soybean attributes and trader types. This means that traders place a premium 
on high-quality soybean. Despite this finding, the figure revealed a positive demand in variety 1, 
variety 2, and size across 20% of the sample. A bag of soybean grains that contain foreign 
particles such as straw, stones, sand and other grains are the most discounted attributes to traders 
dominating all other attributes across sample and trader types. This result is consistent with 
previous analysis on the distribution of the marginal utility and mean WTP across trader types 
(Figure 4.7 and Table 4.6). Debris is found to be one of the most valuable attributes that impact 
negatively on farmers’ crop revenue (Kumar and Kalita, 2017). Comparatively, color attribute is 
a highly valued attribute to processors and retailers who engage directly with consumers. 
Similarly, size is highly valued (upper 18%) by processors relative to aggregators and retailers. 
Demand for variety 2 is highly elastic and consistent across the sample. The figure also revealed 
that a portion of the sample aggregators (middle 15%) would trade “Salintua II" for the size of 
soybean while sampled processors (middle 7%) would trade size attribute for color attribute.  
 
4.6.3 Latent Class Model Results 
Consistent with the hypothesis of preference heterogeneity, the LCL model suggests three 
(3) classes of traders with different preferences for soybean trade attributes following from the 
AIC and BIC results (Table 7). The same set of covariates used in the RPL model were also 
included in the LCL model. Determinants of class membership for the other classes are 
interpreted with respect to class 3. All the coefficient estimates of the attributes had the expected 
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sign except for the coefficients on variety 2 and 3 for class 2, and coefficients on the size and 
variety 2 for class 3. Table 8 also reports the mean WTP for each class of traders. Following the 
example of Hole (2007), I estimate the 95% confidence interval associated with the mean WTP 
for each class. Traders in all three classes were willing to pay the highest discounted price for a 
bag of soybean that contains foreign materials.  
Class 1 constitutes the largest share with 54% of decision makers. Members of class 1 
had the highest price coefficient with the residence of traders explaining class membership. The 
result is consistent with the findings of Ortega et al. (2016) who found district regions of farmers 
in explaining class membership. Traders in Northern Region of Ghana are more likely to belong 
to class 1 and 3. They also have a strong preference for the entire desirable soybean attributes 
(positive and significant ASC); however, they are the class indifferent between color, size, and 
variety 2 attributes. All the other attributes had the expected signs and statistically significant. 
This class of decision makers also have a higher preference for “Jenguma” variety. Members of 
class 1 are labelled as “High Price Discount " based on the price coefficient. All the traders in 
class 1 record the highest discounted price for debris and variety 3. This suggests that traders pay 
GHS11 and GHS43 less for buying “Salintua II” variety and soybean with foreign materials 
respectively.  
Members of class 2 are the third largest, constituting 17% of the decision makers. They 
are indifferent about varieties of soybean and are the predominant class with a high preference 
for the big size of soybean thus the name “big soybean size supporters." Purchase of soybean 
from itinerant traders is the only factor explaining class membership. This suggests that traders 
who buy from itinerant traders are more likely to belong to class 3. Traders in class 2 also value 
color and debris highly relative to the other classes in terms of the magnitude of the coefficients. 
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These traders offer a statistically significant higher price discount for inability to meet the 
desired size and color attributes than any other class. Traders in this class are less likely to buy 
soybean from itinerant traders (probability of quality compromise is higher among itinerant 
traders) and have high price discount for soybean with light brown and small size.  
Traders in class 3 represent the second largest share with 29%. They are characterized as 
having a higher preference for both “Salintua I" and “Jenguma" which suggest they are skeptical 
or uncertain about soybean variety thus the name "Soybean Variety Skeptics." Similar to class 2, 
members of this class have a high preference for size attributes but differs significantly in terms 
of the magnitude of the coefficients. They record the highest price discount (GHS30) for buying 
variety 3 than any other class.  
 
4.6.4 Model Comparison of WTP 
Table 9 compares the estimates of mean WTP from the CL, RPL, and LCL models. I 
estimate the mean WTP and 95% confidence interval for the LCL model by summing the mean 
WTP and associated confidence intervals from each group, multiplied by the respective 
membership class probability. The absolute magnitude of the WTP for color, size, and variety 2 
attributes for LCL model are relatively higher than reported by the CL and RPL models. 
Similarly, the absolute magnitude of the WTP for variety 3 and debris attributes are higher for 
the RPL model than the CL model. The RPL and LCL models are both consistent in terms of the 
sign and statistically insignificant coefficient of the variety 2 attribute. The rest of the discussion 
is centered on the LCL model based on the log-likelihood and AIC values which measures the 
goodness of fit. Across all the different model specifications, the LCL model performs better in 
terms of goodness of fit to the data than all the CL and RPL specifications.  
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The results generally showed that traders engaged in the soybean trade largely pay 
attention to attributes such as debris, color, and size as revealed by their willingness to discount 
the price offered to customers for supplying soybean that does not meet the preferred standards. 
For example, traders discount the price of a bag of soybean by GHS44, GHS13 and GHS11 for 
inability to meet the required minimum allowable debris, color and size attributes. Farmers and 
other organizations that supply soybean to these traders lose this margin of benefits for their 
inability to meet these standards. More specifically, farmers tend to be the worst affected in 
terms of welfare loss given that they are the primary suppliers of soybean to these traders. Lack 
of good agronomic (weed management, and timely harvesting), and postharvest practices 
(threshing, winnowing, transportation, and storage) by smallholder farmers lead to a decline in 
the quality of soybean supplied to traders. However, traders are willing to pay GHS202 for a bag 
of “Jenguma" soybean variety with big size, deep brown color and free from foreign materials.  
A back of the envelope calculation of MWTP was computed to reveal how the MWTP 
change based on different combinations of soybean attributes. The results are reported in Table 
10. The results indicate that different classes of traders associate different weights to their 
MWTP for a specific attribute.  Members of class 1, 2 and 3 are willing to pay GHS182, 
GHS276 and GHS193 for a bag (104kg) of soybean with the preferred attributes. Similarly, these 
classes of traders pay GHS117, GHS82 and GHS172 respectively for the same bag of soybean 
with attributes different from the preferred soybean attributes. The results also show that 
different combinations of attributes correspond to different MWTP. The MWTP also varies 
across the class of traders. For example, members of class 1 are willing to pay GHS137 for a bag 
of “Jenguma” soybean variety with deep brown color, small size, and contain debris. Members 
of class 2 and 3 are also willing to pay GHS113 and GHS184 respectively for the same soybean 
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attributes. The difference may be attributed to the small size of the soybean since class 2 prefer 
big soybean. The highest price discounting for class 2 is observed for scenarios where debris is 
combined with other attributes. For class 1 and 2, the highest price discounting occurs for 
combinations of light brown, debris and other varieties apart from “Jenguma.”   
 
4.7 Conclusion 
Trade loss is a common phenomenon in developing countries with low public investment 
in road infrastructure, lack of consistent market information on grades and standards, and lack of 
effective pricing systems. In developing countries, lack of consistent quality information across 
the production and commercialization interface of the marketing distribution channels have the 
tendency to increase arbitrage. A central issue that has dominated the commercialization 
literature is that market can be operational but non-competitive (i.e. market prices do not equate 
marginal benefit and marginal cost). Secondly, high transaction cost, lack of effective regulatory 
body to enforce standards and contracts may result in market failure due to a mismatch in the 
demand and supply with a subsequent effect on welfare outcomes (Dillon and Barret, 2017). 
This study uses a discrete choice experiment to address a fundamental commercialization 
issue of quality characterizing the soybean trade using northern Ghana as a case study. Do 
soybean traders insist on quality soybean and do they discount the price when farmers fail to 
meet a base level of quality? The study provides empirical evidence on trader preferences for 
soybean trade attributes and tests whether preference heterogeneity exists within and across 
soybean traders in northern Ghana. The soybean trade attributes considered are color, size, oil 
content (using variety as a proxy measurement), debris, and price. The combinations of these 
attributes have been previously defined to be important but little is known about preference 
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heterogeneity within and across buyers, which I address using a random-parameter logit and 
latent class logit models. The data allowed for exploration of the possible variations in the 
valuation of the soybean attributes for wholesalers, retailers, and processors. Findings of this 
study have important policy implications for stakeholder consensus building on quality issues, 
soybean-breeding programs, and capacity building of farmers. 
Results show that trader preferences for quality soybean are significantly influenced by 
color, size, oil content, and debris. The negative coefficient on the attributes indicates that traders 
prefer deep brown, bigger size, high oil content soybean, and willing to a pay higher price for 
soybean free of foreign materials. I find evidence of heterogeneity in traders’ preferences for 
color, size, oil content, and debris. However, preference heterogeneity varies within and across 
traders based on the RPL and LCL results. The results of the LCL model revealed three classes 
of traders namely “high price discount," “big soybean size supporters," and “soybean variety (oil 
content) skeptics" based on significant heterogeneity tied to socioeconomic and trade 
characteristics of the traders. The first class reports higher coefficient on the price variable while 
the second class recorded the largest coefficient on the size attribute. The third class of traders 
were skeptical about the oil content of soybean. These results are consistent with the results of 
the RPL model for the different trader types.  
Three main deductions are made from the results: (1) soybean traders have well-defined 
indicators for quality soybean and significantly discount the price for failure to meet the required 
base level of quality; (2) debris is the most discounted attributes and consistent across the three 
types of traders; (3) there is significant variation in the valuations of the soybean attributes for 
wholesalers, retailers, and processors depending on end-use of the soybean. Processors and 
retailers have relatively high preferences for deep brown and big size soybean based on their 
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estimated WTP values. With respect to oil content, processors associate the highest preference 
weight to this attribute. Within the soybean marketing distributing channel, processors and 
retailers are the main interfaces between producers, wholesalers and consumers, thus, are more 
likely to have similar preferences given that they both sell directly to consumers. These findings 
can be used to improve the symmetry of quality information across the soybean transaction 
interface.  
The following caveats are raised: Although this study has provided evidence on 
preference heterogeneity in soybean trade, there are other important attributes such as weight, 
weevil infestation, brokenness, and moisture content which were not considered in this study. 
Second, WTP may be overestimated with the use of choice experiment due to the hypothetical 
nature of the experiment. Choice experiment is difficult to implement in developing countries 
due to the complexity and presentation of the products. Further study using hedonic pricing 
which considers budgetary constraints is required to elicit actual trader preferences in the market 
relative to the choice experiment. Third, the WTP values must be interpreted cautiously given 
that some of the 95% confidence interval values are wide and include zero.  
Despite the limitations, this study bears important policy implications. Policymakers 
interested in bridging the information gap between producers and traders to enhance overall 
welfare must facilitate multi-stakeholder meetings (MSM) to build consensus on quality 
standards on production and market attributes. Periodic update of these standards through the 
MSM is key to ensuring that all relevant stakeholders are well-informed about the dynamics of 
these standards. The platform may also facilitate sorting and matching of buyers to sellers to 
ensure that high quality soybeans are supplied to traders who value quality. As farmers become 
informed on how traders buy soybean, then they can make sound investments to improve the 
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quality of soybean thereby raising the prices received and reducing the uncertainty they face in 
the marketplace. Second, there is the need for public investment in infrastructures such as roads 
and storage structure at the community levels to reduce the levels of decline in quality and 
postharvest losses. This must be accompanied by the commercial development of farmers to be 
more responsive to market demand.  
 
4.8 Tables and Figures 
 
Table 4.1: Trade attributes, levels and description 
Attribute 
Levels 
Preference/Description 
1 2 3 
Color Light brown Deep brown  
A bright color (deep brown) is preferred. 
A dull colored soybean is perceived to be 
moldy. 
     
Size Small Big  
A bigger grain is preferred to smaller 
grains. A smaller quantity of bigger 
grains is required to fill a bag (104kg). It 
is also perceived to have more oil and 
feed content.  
     
Debris Stone free Stones  
Stone free soybean is preferred. Soybean 
with stones affect drying process and 
may lead to discoloration of grains. 
     
Variety “Jenguma” “Salintua I” “Salintua II” 
“Jenguma” is preferred. Yields are high 
and resistance to early shattering thus not 
likely to contain a lot of debris. 
     
Price GH¢170 GH¢200 GH¢230 
The value is per bag (104kg). GH¢200 is 
the expected market price for quality 
soybean 
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Table 4.2: Distribution of sampled traders by region 
Regions   Districts 
 Aggregators  Processors  Retailers  Total 
Northern  4  33   27   46   106 
Upper East  3  22  10  30  62 
Upper West  2  30   11   19   60 
 Total   9   85   48   95   228 
Note: Total number of different categories of traders across each specific region is the horizontal summation excluding 
the districts while the vertical summations are the specific trader types sum over the three regions. 
 
Table 4.3a: Summary statistics by trader type 
Variable 
Aggregator 
 (N=85) 
Retailer 
 (N=95) 
Processors 
 (N=48) 
Mean SD Mean SD Mean SD 
Age of respondent (number) 43.14 9.00 43.22 10.01 41.90 10.09 
Gender of respondent (1=Male 
0=Female) 
0.18 0.38 0.00 0.00 0.10 0.31 
Marital status (1=Married 0=Single) 0.91 0.29 0.91 0.29 0.94 0.24 
Number of years of education (years) 2.52 3.42 1.13 2.66 1.81 4.21 
Total purchased from all sources (Kg) 54414 204323 4895 8598 37231 233825 
Farmer       
Purchase soybean from farmer (1=Yes) 0.92 0.28 0.92 0.28 0.73 0.45 
Quantity of soybean purchased in 
abundance period (bag) 
185.90 633.08 17.02 25.79 109.92 573.64 
Period of abundance (month) 4.38 3.07 5.76 15.94 3.00 1.28 
Quantity purchased in normal period 
(bag) 
91.93 225.74 17.53 33.26 116.62 623.84 
Period of normal (month) 8.41 1.35 8.61 1.59 8.99 1.26 
Farmer organization/cooperative       
Purchase soybean from farmer 
organization (1=Yes) 
0.07 0.26 0.01 0.10 0.02 1.40 
Quantity purchased in abundance period 
(bag) 
583.06 1658.00 0.56 1.59 750.00 1061.0 
Period of abundance (month) 4.50 2.17 7.000 0.00 3.00 0.00 
Quantity purchased in normal period 
(bag) 
111.50 199.01 3.000 0.00 900.00 0.00 
Period of normal (month) 7.17 2.04 5.000 0.00 9.000 0.00 
Itinerant traders       
Purchase soybean from farmer 
organization (1=Yes) 
0.490 0.500 0.45 0.50 0.46 0.50 
Quantity purchased in abundance period 
(bag) 
125.62 347.23 16.94 30.36 97.53 406.80 
Period of abundance (month) 4.95 3.53 5.60 3.77 4.00 2.58 
Quantity purchased in normal period 
(bag) 
143.33 388.21 17.50 35.81 185.33 831.89 
Period of normal (month) 7.42 2.70 6.72 3.26 8.30 1.96 
Source: Trader survey and choice experiment in northern Ghana, 2017. 
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Table 4.3b: Difference in mean test by trader type 
Variable 
Aggregator – 
Retailer 
Aggregator - 
Processor 
Retailer – 
Processor 
(N=180) (N=133) (N=143) 
Diff. 
P 
value 
Diff. 
P 
value 
Diff. 
P 
value 
Age of respondent (number) -0.08 0.96 1.245 0.46 1.325 0.457 
Gender of respondent (1=Male 
0=Female) 
0.17 0.00 0.072 0.27 -0.104 0.001 
Marital status (1=Married 0=Single) 0.001 0.99 -0.032 0.53 -0.032 0.52 
Number of years of education 
(years) 
1.39 0.00 0.705 0.30 -0.686 0.24 
Total quantity of soybean purchased 
from all sources (Kg) 
49519.03 0.02 17183.19 0.66 -32335.84 0.18 
Farmer       
Purchase soybean from farmer 0.002 0.96 0.188 0.00 0.187 0.003 
Quantity of soybean purchased in 
abundance period (bag) 
154.820 0.01 85.859 0.41 -68.961 0.18 
Period of abundance (month) 1.380 0.45 1.371 0.01 2.751 0.31 
Quantity of soybean purchased in 
normal period (bag) 
68.485 0.00 -0.678 0.99 -69.163 0.21 
Period of normal (month) 0.199 0.39 -0.575 0.04 -0.377 0.21 
Farmer organization/cooperative       
Purchase soybean from farmer 
organization 
0.060 0.04 0.050 0.22 -0.010 0.62 
Quantity of soybean purchased in 
abundance period (bag) 
61.688 0.27 30.485 0.71 -31.203 0.16 
Quantity of soybean purchased in 
normal period (bag) 
7.839 0.18 -10.879 0.50 -18.718 0.16 
Itinerant traders       
Purchase soybean from farmer 
organization 
0.041 0.58 0.036 0.69 -0.006 0.95 
Quantity of soybean purchased in 
abundance period (bag) 
59.017 0.03 17.740 0.72 -41.277 0.17 
Period of abundance (month) 0.645 0.43 0.950 0.26 1.595 0.08 
Quantity of soybean purchased in 
normal period (bag) 
59.695 0.04 21.352 0.77 -81.047 0.17 
Period of normal (month) 0.699 0.30 0.886 0.17 -1.585 0.04 
Notes: Difference (Diff.) is specified as the difference in the means of the trader type (e.g. Aggregator-Retailer reads 
as mean of aggregator minus mean of retailer). Source: Trader survey and choice experiment in northern Ghana, 2017. 
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Table 4.4: Preferences of Soybean attributes by trader status 
Trader Preference 
Aggregator (N=85) Retailer (N=95) Processor (N=48) 
Mean SD Mean SD Mean SD 
Amount paid for meeting all attributes (GHS) 149.710 43.420 154.470 43.950 156.250 40.300 
Color       
Interested in color (1=Yes 0=No) 0.760 0.420 0.720 0.450 0.710 0.460 
Do farmers meet standard (1=Yes 0=No) 0.520 0.500 0.490 0.500 0.480 0.500 
Reject due to inability to meet color standard 
(1=Yes 0=No) 
0.660 0.480 0.620 0.490 0.710 0.460 
Frequency of reject (1=Rarely 2=Often 3=Very 
often) 
1.740 0.640 1.610 0.710 1.840 0.810 
Pay lower for inability to meet color standard 
(1=Yes 0=No) 
0.760 0.430 0.670 0.470 0.600 0.490 
Amount for inability to meet color (GHS) 124.310 41.080 134.840 43.680 128.790 52.140 
Size       
Interested in size (1=Yes 0=No) 0.730 0.450 0.660 0.480 0.790 0.410 
Do farmers meet standard (1=Yes 0=No) 0.600 1.150 0.450 0.500 0.480 0.500 
Reject due to inability to meet size standard 
(1=Yes 0=No) 
0.600 0.490 0.540 0.500 0.570 0.500 
Frequency of reject (1=Rarely 2=Often 3=Very 
often) 
1.730 0.600 1.590 0.760 1.780 0.850 
Pay lower for inability to meet size standard 
(1=Yes 0=No) 
0.690 0.460 0.630 0.480 0.580 0.500 
Amount for inability to meet size (GHS) 120.088 41.440 133.250 44.680 127.310 49.640 
Debris       
Interested in debris (1=Yes 0=No) 0.960 0.190 0.960 0.200 1.000 0.000 
Do farmers meet standard (1=Yes 0=No) 0.850 0.360 0.830 0.400 0.920 0.280 
Reject due to inability to meet debris standard 
(1=Yes 0=No) 
0.860 0.350 0.790 0.410 0.810 0.390 
Frequency of reject (1=Rarely 2=Often 3=Very 
often) 
1.990 0.690 1.890 0.790 2.000 0.770 
Pay lower for inability to meet debris standard 
(1=Yes 0=No) 
0.920 0.280 0.800 0.400 0.770 0.420 
Amount for inability to meet debris (GHS) 122.690 37.940 129.800 38.710 129.310 41.780 
Oil Content       
Interested in oil content (1=Yes 0=No) 0.650 0.480 0.550 0.500 0.500 0.510 
Do farmers meet standard (1=Yes 0=No) 0.440 0.500 0.330 0.470 0.330 0.480 
Reject due to inability to meet oil content 
standard (1=Yes 0=No) 
0.620 0.490 0.480 0.500 0.380 0.490 
Frequency of reject (1=Rarely 2=Often 3=Very 
often) 
1.620 0.610 1.550 0.730 1.650 0.850 
Pay lower for inability to meet oil content 
standard (1=Yes 0=No) 
0.590 0.500 0.550 0.500 0.380 0.490 
Amount for inability to meet oil content (GHS) 119.270 43.020 125.280 50.660 122.730 57.190 
Notes: SD means standard deviations. Source: Trader survey and choice experiment in northern Ghana, 2017.  
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Table 4.5: Conditional logit (CL) and random parameter logit (RPL) results 
Variables 
Base - CL 
 RPL - No 
correlation 
 
RPL -  
Correlation 
Coefficient  Coefficient  Coefficient 
(Std. error)  (Std. error)  (Std. error) 
ASC 9.108*** 
 
11.429*** 
 
12.203*** 
 (0.554)  (0.819)  (1.102) 
lnβ(−Price) 0.0442*** 
 
-2.862*** 
 
-2.786*** 
 (0.003)  (0.066)  (0.085) 
Color (1=Light brown and 0=Deep brown) -0.472*** 
 
-0.673*** 
 
-0.541** 
 (0.115)  (0.161)  (0.253) 
Size (1=Small and 0=Big) -0.392*** 
 
-0.536*** 
 
-0.572*** 
 (0.114)  (0.161)  (0.212) 
Variety 2 (1="Salintua I" and  -0.002 
 
-0.009 
 
-0.044 
0=“Jenguma”) (0.127)  (0.169)  (0.204) 
Variety 3 (1="Salintua II" and  -0.499*** 
 
-0.723*** 
 
-0.685*** 
0=“Jenguma”) (0.149)  (0.212)  (0.264) 
Debris (1=Stone and 0=Stone free) -1.915*** 
 
-2.933*** 
 
-3.176*** 
 (0.118)  (0.271)  (0.355) 
Non-random parameters 
     
Residence of trader (1=Northern) 
  
0.845*** 
 
0.954*** 
   (0.233)  (0.269) 
Gender of trader (1=Male) 
  
-0.643 
 
-0.596 
   (0.438)  (0.475) 
Years of formal education (years)   -0.063*  -0.065* 
   (0.036)  (0.039) 
Itinerant traders supply soybean (1=Yes) 
  
0.447** 
 
0.420 
   (0.215)  (0.259) 
Standard deviations 
     
ASC 
  
0.744*** 
 
1.442 
   (0.162)  (2.153) 
Color (1=Light brown and 0=Deep brown) 
  
0.387 
 
1.025 
   (0.382)  (2.950) 
Size (1=Small and 0=Big) 
  
0.923*** 
 
1.438 
   (0.271)  (3.578) 
Variety 2 (1="Salintua I" and 
  
0.412 
 
0.887 
0=“Jenguma”)   (0.507)  (1.467) 
Variety 3 (1="Salintua II" and 
  
1.214*** 
 
1.446 
0=“Jenguma”)   (0.297)  (4.138) 
Debris (1=Stone and 0=Stone free) 
  
1.771*** 
 
2.051 
   (0.337)  (2.295) 
Number of observations 1368  1368  1368 
AIC (BIC) 2127 (2156)  2001 (2090)  1998 (2197) 
Log likelihood -1056.5  -983.6  -961.1 
Notes: Random parameters logit model estimated using NLOGIT 5.0 based on 1000 draws for simulated maximum 
likelihood. The coefficient on the interaction term are not reported. The log normal distribution is imposed on the 
price variable but the standard deviation is restricted to zero.  ***𝝆<0:01; ** 𝝆< 0:05; * 𝝆< 0:1 
Source: Trader survey and choice experiment in northern Ghana, 2017. 
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Table 4.6: Mean willingness to pay by trader types 
 All Sample (N=228)  Aggregators (N=85)  Retailers (N=95)  Processors (N=48) 
 Mean WTP  Mean WTP  Mean WTP  Mean WTP 
 (95% CI)  (95% CI)  (95% CI)  (95% CI) 
Color  -11.789  -9.824  -15.480  -15.494 
 (-26.358, 2.925)  (-29.039, 9.392)  (-23.504, -7.456)  (-16.009, -14.978) 
Size  -9.297  -5.604  -13.626  -14.088 
 (-38.586, 20.586)  (-25.883, 14.675)  (-22.087, -5.166)  (-48.334, 20.159) 
Variety 2  0.019  2.568  -5.636  -3.255 
 (-6.232, 6.774)  (1.756, 3.380)  (-10.514, -0.759)  (-17.617, 11.107) 
Variety 3  -12.777  -1.527  -4.495  -22.839 
 (-49.295, 24.300)  (-2.340, 32.633)  (-6.553, -2.437)  (-24.097, -21.582) 
Debris  -51.725  -66.502  -60.749  -46.829 
 (-97.698, -3.731)  (-122.171, -10.833)  (-137.346, 15.847)  (-90.751, -2.907) 
ASC  200.225  194.678  74.617  214.010 
 (178.065, 222.385)  (175.091, 214.264)  (73.830, 75.405)  (193.482, 234.539) 
Notes: Mean WTP is calculated from the random parameter logit model using NLOGIT 5.0 based on 1000 draws for 
simulated maximum likelihood. Exchange rate is 1USD=GHS4.36067 (Source: Bank of Ghana, 2017). The numbers 
in parentheses are 95% confidence interval. Confidence intervals are calculated based on the delta method. Source: 
Trader survey and choice experiment in northern Ghana, 2017. 
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Table 4.7: Latent class model results 
 High Price 
Discount 
 Big Soybean Size 
Supporters 
 Soybean Variety II 
Supporters 
Variables Class 1  Class 2  Class 3 
 Coefficient  Coefficient  Coefficient 
 (Std. error)  (Std. error)  (Std. error) 
ASC 15.382*** 
 
11.314*** 
 
7.737*** 
 (1.972)  (2.441)  (1.056) 
lnβ(−Price) 0.084*** 
 
0.041*** 
 
0.040*** 
 (0.011)  (0.010)  (0.005) 
Color (1=Light brown and  -0.293 
 
-1.764*** 
 
-0.456** 
0=Deep brown) (0.274)  (0.592)  (0.205) 
Size (1=Small and 0=Big) -0.198 
 
-2.482*** 
 
0.082 
 (0.263)  (0.719)  (0.268) 
Variety 2 (1="Salintua I" and  -0.443 
 
0.052 
 
0.662** 
0 = “Jenguma”) (0.286)  (0.527)  (0.275) 
Variety 3 (1="Salintua II" and 0 = 
“Jenguma”) 
-0.934*** 
 
0.448 
 
-0.684** 
 (0.339)  (0.756)  (0.288) 
Debris (1=Stone and 0=Stone free) -3.603*** 
 
-4.217*** 
 
-0.450* 
 (0.435)  (1.018)  (0.232) 
Class membership parameters 
     
Residence of trader (1=Northern)  1.672*** 
 
0.165 
 
0.759** 
 (0.363)  (0.522)  (0.361) 
Gender of trader (1=Male) 0.063 
 
-0.084 
 
-1.775*** 
 (0.468)  (1.189)  (0.654) 
Years of formal education (years) 0.002  0.031  -0.143*** 
 (0.044)  (0.139)  (0.049) 
Buy from Itinerant traders (1=Yes) 0.280 
 
-0.987* 
 
0.696** 
 (0.960)  (0.541)  (0.347) 
Latent class probabilities 0.536***   0.173***   0.291*** 
 (0.062)  (0.052)  (0.0520 
Posterior membership 94% 
Log likelihood -945.513 
AIC 2003 
Number of observations 1368 
Notes: Latent class logit model estimated using NLOGIT 5.0 based on 1000 draws for simulated maximum likelihood.  
***𝝆<0:01; ** 𝝆< 0:05; * 𝝆< 0:1. Source: Trader survey and choice experiment in northern Ghana, 2017. 
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Table 4.8: Traders' marginal willingness to pay by class 
 
High Price Discount  
Big Soybean Size 
Supporters 
 
Soybean Variety II 
Supporters 
Attributes Class 1  Class 2  Class 3 
 Mean WTP  Mean WTP  Mean WTP 
 (95% CI)  (95% CI)  (95% CI) 
Color  -3.488  -43.024  -11.400 
 (-8.324, 1.348)  (-53.990, -32.059)  (-21.783, -1.017) 
Size  -2.353  -60.537  2.050 
 -8.619, 3.913)  (-74.404, -46.669)  (-11.025, 15.125) 
Variety 2  -5.273  1.268  16.550 
 (-11.721, 1.175)  (-11.888, 14.425)  (3.196, 29.904) 
Variety 3  -11.119  10.927  -17.100 
 (-17.616, -4.622)  (-3.287, 25.140)  (-30.484, -3.716) 
Debris  -42.893  -102.854  -11.250 
 (-48.258, -37.528)  (-112.939, -92.769)  (-22.517, 0.017) 
Notes: Mean WTP is calculated from the random parameter logit model using NLOGIT 5.0 based on 1000 draws for 
simulated maximum likelihood. Confidence intervals are calculated based on the delta method. Exchange rate is 
1USD=GHS4.361 (Source: Bank of Ghana, 2017). Source: Trader survey and choice experiment in northern Ghana, 
2017. 
 
 
 
Table 4.9: Traders' marginal willingness to pay by model type 
 Conditional logit  Random parameter logit  Latent class logit model 
 Mean WTP  Mean WTP  Mean WTP 
 (95% CI)  (95% CI)  (95% CI) 
Color  -10.669  -11.789  -12.630 
 (-15.418, -5.920)  (-11.897, -11.681)  (-20.141, -5.120) 
Size  -8.865  -9.297  -11.138 
 (-13.751, -3.979)  (-9.406, -9.188)  (-20.700, -1.575) 
Variety 2  -0.048  0.019  2.209 
 (-5.688, 5.592)  (-0.095, 0.133)  (-7.409, 11.827) 
Variety 3  -11.293  -12.777  -9.046 
 (-17.677, -4.909)  (-12.924, -12.630)  (-18.882, 0.791) 
Debris  -43.308  -51.725  -44.058 
 (-46.918, -39.698)  (-51.916, -51.534)  (-51.957, -36.159) 
Notes: Mean WTP is calculated from the random parameter logit model using NLOGIT 5.0 based on 1000 draws for 
simulated maximum likelihood. Confidence intervals are calculated based on the delta method. Exchange rate is 
1USD=GHS4.361 (Source: Bank of Ghana, 2017). Source: Trader survey and choice experiment in northern Ghana, 
2017. 
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Table 4.10: Combinations of soybean attributes and willingness to pay 
Scenarios 
Combinations of soybean 
attributes 
Mean Willingness to Pay (GHS) 
High Price 
Discount 
Big Soybean Size 
Supporters 
Soybean Variety 
Skeptics 
1 Preferred attributes: Deep 
brown, big size, “Jenguma” 
and no debris 
GHS182 GHS276 GHS193 
     
2 Deep brown, small size, 
“Jenguma” and debris 
GHS137 GHS113 GHS184 
     
3 Deep brown, small size, 
“Salintua I”, “Salintua II” and 
no debris 
GHS163 GHS228 GHS195 
     
4 Light brown, big size, 
“Salintua I”, “Salintua II” and 
debris 
GHS119 GHS142 GHS170 
     
5 Light brown, big size, 
“Jenguma” and debris 
GHS136 GHS130 GHS170 
     
6 Light brown, small size, 
“Jenguma” and no debris 
GHS176 GHS172 GHS183 
     
7 Deep brown, big size, 
“Jenguma” and debris 
GHS139 GHS173 GHS182 
     
8 Undesirable attributes: Light 
brown, small size, “Salintua 
I”, “Salintua II” and debris 
GH117 GHS82 GHS172 
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Figure 4.1: Soybean annual production, 2003-2014 
 
 
 
 
 
Figure 4.2: Soybean annual price, 2009-2015 
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Figure 4.3: Soybean marketing distribution channel in Ghana 
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Please check (✓) the option (A, B or C) that you would be most likely to choose 
Market attributes Option A Option B Option C  
Color 
Deep brown 
 
 
 
Deep brown 
 
 
 
Light brown 
 
 
         
Size Small 
 
 
 
Small 
 
 
 
Big 
 
      
Debris Not sorted 
 
 
 
Not sorted 
 
 
Sorted 
 
 
Variety Salintua 1 (Low oil content) 
 
 
Salintua 2 (Very low oil) 
 
 
Jenguma (High oil content) 
 
 
Price per bag 
(104kg) 
GHS170 GHS200 GHS200 
    
I will choose…    
Figure 4.4: Example of choice set presented to survey respondents 
 
 
157 
 
 
 
Figure 4.5: Regional volume of soybean purchased by sample traders in northern Ghana (2017) 
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Figure 4.6: Random parameter distribution of soybean attributes 
 
 
 
Figure 4.7: Distribution of WTP for soybean attributes 
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Figure 4.8: Demand for improved soybean trade attributes 
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CHAPTER 5 
CONCLUSION 
5.1 Summary and conclusions 
This dissertation presents the findings of three studies that investigated the adoption of 
soil fertility management practices and the economics of soybean with emphasis on how 
production and market information influence willingness to pay outcomes. The following issues 
are specifically addressed: (1) factors influencing the adoption of multiple ISFM practices (2) the 
assessment of how production and market information influence producer willingness to pay for 
improved soybean seed (3) the analysis of how trade attributes of soybean influence trader’s 
WTP for soybean and the extent of discounting that results from farmers failure to meet these 
attributes. In the first paper, I utilize a farm household survey in northern Ghana to demonstrate 
how farmers’ perceptions of climate variability and shocks influence their choice of ISFM 
practices and how these practices are combined (either as complements or substitutes) at the plot 
level. The results indicate significant heterogeneity in the adoption of ISFM practices and 
farmers are more likely to complement crop residue with compost when exposed to drought and 
flood, and long-term change in temperature. Similarly, farmers exposed to long-term change in 
temperature and rainfall complement manure with compost while a trade-off is observed between 
crop residue and mineral fertilizer for farmers who have experienced either drought or flood.  
The second paper is based on data from crop participatory research and experimental 
auction conducted in northern Ghana to evaluate how production and market information 
influence farmers’ WTP for improved soybean varieties. The study also compares the rankings 
of the varieties based on binding experimental auction and non-binding stated preferences. The 
analysis revealed a consistent ordering of the soybean varieties irrespective of the preference 
elicitation method and participation in on-farm research. The variety “Jenguma” was ranked first 
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followed by “Afayak,” and “Salintua.” Participants in on-farm research record a lower WTP for 
each of the soybean varieties relative to non-participants and farmers who were provided with 
both production and marketing information were willing to pay higher for each of the varieties 
relative to those having only production information. The study also found evidence of 
significant heterogeneity in the WTP for each of the soybean varieties based on the location of 
the farmers. Farmers in Northern Region recorded the highest WTP followed by farmers in the 
Upper West and Upper East regions. The study highlights the importance of CPR in reducing the 
tendency for farmers to overstate their preferences.  
In the third paper, I use a choice experiment to investigate traders’ stated preferences for 
quality soybean traits (color, size, oil content, debris, and price) and account for preference 
heterogeneity across traders using primary data of wholesalers, processors, and retailers from 
northern Ghana. Results of the random parameter and latent class logit models indicate 
preference heterogeneity within and across traders; and traders generally prefer deep brown, 
bigger size, high oil content soybean, and willing to a pay higher price for soybean free of 
foreign materials. The latent class logit model indicates three classes of traders (“high price 
discount,” “big soybean size supporters,” and “soybean variety (oil content) skeptics") defined 
based on the magnitude and statistically significant coefficient on the attributes. Three main 
deductions are made: (1) soybean traders have well-defined indicators for quality soybean and 
significantly discount the price for failure to meet the required base level of quality; (2) debris is 
the most discounted attribute and consistent across the three types of traders (wholesalers, 
processors, and retailers); (3) there is significant variation in the valuations of the soybean 
attributes for wholesalers, retailers, and processors depending on end-use of the soybean. 
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5.2 Implications of the study 
Several implications are highlighted per the results of the study. Firstly, the results of the 
study on climate perceptions and adoption of ISFM practices implies that perceptions determine 
the combinations of ISFM practices farmers are likely to adopt at the plot level. This is important 
given that the type of combinations of ISFM practices farmers use at the plot level influence crop 
yield and subsequently affect the welfare of the household. Sheahan and Barret (2017) showed 
that failure to combine factor inputs appropriately at the plot level will lead to yield reduction. 
Furthermore, understanding local farmer perceptions of climate variability and shocks will be 
critical to guide future adaptions strategies. This will require increased access to extension 
services, education, and provision of improved weather forecast information for farmers to make 
accurate and informed investment decisions. Secondly, the results of the farmers’ preference 
study provide great insight with respect to the benefits of using multiple preference elicitation 
methods and on-farm research to provide a more robust estimation of farmers' preferences for 
agricultural technologies. The results imply that policies that enhance the adoption of improved 
crop technologies are likely to be misdirected if preferences are overestimated. Active 
engagement of farmers in crop participatory research is necessary for information sharing and 
improvement in the adoption of improved crop technologies. Thirdly, the findings of the trader’s 
preference study underscore the significance of understanding the purchasing behavior of traders 
in a developing country where standards if defined are not legally enforced. Results of the stated 
preference study show that traders associate a positive preference for soybean with big size, deep 
brown color, high oil content, and devoid of foreign materials. This implies that farmers, 
policymakers, and development practitioners are likely to benefit from the greater symmetry of 
market information generated from this study which will improve the soybean market 
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performance and reduce pricing uncertainty and unfair distortions. This symmetry of information 
can be reached through establishing new multi-stakeholder platforms at the district levels for 
consensus building on quality standards with a strong legal backing to enhance strict compliance.  
 
5.3 Limitations of the study 
The studies in this dissertation have some limitations and can be improved in a few ways. 
The study on climate perceptions and adoption of ISFM packages is based on cross-sectional 
data. Cross-sectional studies do suffer from endogeneity problems which is likely to bias the 
results since adoption of agricultural technologies change over time and space. Although 
perceptions play an important role in technology adoption, a cost-benefit analysis of the use of 
ISFM packages based on location and over-time may explain how farmers respond to these 
indicators with respect to the packages they adopt. The second chapter can be expanded to 
accommodate the dynamic adoption of different combinations of ISFM practices on the welfare 
of farm households based on climate perceptions and shocks and cost-benefit analysis. In chapter 
three, the results can be strengthened by including a more robust measures of risk preferences 
relative to those used in the estimation of farmers’ WTP for improved soybean varieties. The 
results of the stated preference in chapter four must be interpreted with caution given that the 
WTP may be overestimated due to the hypothetical nature of the experiment and the 95% 
confidence interval associated with WTP are wide and include zero. This study can be improved 
by employing hedonic pricing which considers budgetary constraints to elicit actual trader 
preferences in the market relative to the choice experiment. Future studies can increase the 
sample size of the different segment of traders (wholesalers, processors, and retailers) to improve 
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the external validity of the results. Other important attributes such as weight, weevil infestation, 
brokenness, and moisture content can be considered in the analysis.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
165 
 
 
REFERENCES 
 
Abdulai, A. (2000). Spatial price transmission and asymmetry in the Ghanaian maize 
market. Journal of development economics, 63(2), 327-349. 
Acheampong, E.N., Ozor, N. and Owusu, E.S., 2014. Vulnerability assessment of Northern 
Ghana to climate variability. Climatic change, 126(1-2), pp.31-44. 
Adolwa, I.S., Okoth, P.F., Mulwa, R.M., Esilaba, A.O., Mairura, F.S. and Nambiro, E., 2012. 
Analysis of communication and dissemination channels influencing the adoption of 
integrated soil fertility management in western Kenya. The Journal of Agricultural 
Education and Extension, 18(1), pp.71-86. 
Akramov, K. and Malek, M., 2012. Analyzing profitability of maize, rice, and soybean 
production in Ghana: Results of PAM and DEA analysis. Ghana Strategy Support 
Program (GSSP) Working, p.0028. 
Amanor-Boadu, V., Zereyesus, Y., Ross, K., Ofori-Bah, A., Adams, S., Asiedu-Dartey, J., 
Gutierrez, E., Hancock, A., Mzyece, A. and Salin, M., 2015. Agricultural Production 
Survey for the Northern Regions of Ghana: 2013-2014 Results. 
Antonaci, L., Demeke, M., and Vezzani, A. (2014). The challenges of managing agricultural 
price and production risks in sub-Saharan Africa (No. 14-09). ESA Working Paper. 
Asenso-Okyere K, and Mekonnen DA. The importance of ICTs in the provision of information 
for improving agricultural productivity and rural incomes in Africa. United Nations 
Development Programme’s Regional Bureau for Africa working paper 2012–015. 2012. 
Asfaw, A., Almekinders, C.J., Blair, M.W. and Struik, P.C., 2012. Participatory approach in 
common bean (Phaseolus vulgaris L.) breeding for drought tolerance for southern 
Ethiopia. Plant breeding, 131(1), pp.125-134. 
166 
 
 
Asfaw, S., Shiferaw, B., Simtowe, F. and Lipper, L., 2012. Impact of modern agricultural 
technologies on smallholder welfare: Evidence from Tanzania and Ethiopia. Food 
policy, 37(3), pp.283-295. 
Athey, S. Levin, J. 2018. The value of information in monotone decision problems. Research in 
Economics. 72, 101–116. 
Avea, A.D., Zhu, J., Tian, X., Baležentis, T., Li, T., Rickaille, M. and Funsani, W., 2016. Do 
NGOs and Development Agencies Contribute to Sustainability of Smallholder Soybean 
Farmers in Northern Ghana—A Stochastic Production Frontier 
Approach. Sustainability, 8(5), p.465. 
Barham, B.L., Chavas, J.P., Fitz, D., Salas, V.R. and Schechter, L., 2014. The roles of risk and 
ambiguity in technology adoption. Journal of Economic Behavior and Organization, 97, 
pp.204-218. 
Baumeister, R.F., Vohs, K.D. and Funder, D.C., 2007. Psychology as the science of self-reports  
and finger movements: Whatever happened to actual behavior? Perspectives on 
Psychological Science, 2(4), pp.396-403. 
Beggs, S., Cardell, S. and Hausman, J., 1981. Assessing the potential demand for electric 
cars. Journal of Econometrics, 17(1), pp.1-19. 
Bationo, A. Fairhurst, T. Giller, K. Kelly, V. Lunduka, R. Mando, A. Mapfumo, P. Oduor, G. 
Romney, D. Vanlauwe, B. Walregi, L. Zingore, S. (2012) Handbook for integrated soil 
fertility management. Africa Soil Health Consortium, Nairobi (CAB International 156). 
https://scholar.google.com/scholar?hl=enandas_sdt=0%2C5andq=Handbook+for+integra
ted+soil+fertility+managementandbtnG= 
167 
 
 
Belderbos, R., Carree, M., Diederen, B., Lokshin, B. and Veugelers, R., 2004. Heterogeneity in 
R and D cooperation strategies. International journal of industrial organization, 22(8-9), 
pp.1237-1263. 
Bergstron, J.C. Stoll, J.R. and Randall, A. 1990. The impact of information on environmental 
commodity valuation decisions. American Journal of Agricultural Economics. 72(3). 
614-621. 
Bhat, C. R. (2001). Quasi-random maximum simulated likelihood estimation of the mixed 
multinomial logit model. Transportation Research Part B: Methodological, 35(7), 677-
693. 
Birol, E., 2010. Choice Experiments in Developing Countries: Implementation, Challenges and 
Policy Implications (No. 320.91724 C4). 
Bruns, H.A., 2016. Macro-nutrient concentration and content of Irrigated soybean grown in the 
early production system of the midsouth. Communications in Soil Science and Plant 
Analysis, 47(17), pp.2008-2016. 
Campbell, B.M., Vermeulen, S.J., Aggarwal, P.K., Corner-Dolloff, C., Girvetz, E., 
Loboguerrero, A.M., Ramirez-Villegas, J., Rosenstock, T., Sebastian, L., Thornton, P.K. 
and Wollenberg, E., 2016. Reducing risks to food security from climate change. Global 
Food Security, 11, pp.34-43. 
CARE International. 2013. Climate Change Vulnerability and Adaptive Capacity in Northern 
Ghana. An Adaptation Learning Programme Report. CARE International: Accra. 
Carson, R. T., and Czajkowski, M. (2013, July). A new baseline model for estimating 
willingness to pay from discrete choice models. In International choice modelling 
conference, Sydney. 
168 
 
 
Caviglia, J.L. and Kahn, J.R., 2001. Diffusion of sustainable agriculture in the Brazilian tropical 
rain forest: a discrete choice analysis. Economic Development and Cultural 
Change, 49(2), pp.311-333. 
Christen, R., and Anderson, J. 2013. Segmentation of smallholder households: Meeting the range 
of financial needs in agricultural families (Focus Note 85). Washington, DC: 
Consultative Group to Assist the Poor (CGAP). 
Colombo, S., Hanley, N., and Louviere, J. (2009). Modeling preference heterogeneity in stated 
choice data: an analysis for public goods generated by agriculture. Agricultural 
Economics, 40(3), 307-322. 
Corrigan, J.R. and Rousu, M.C., 2006. The effect of initial endowments in experimental 
auctions. American Journal of Agricultural Economics, 88(2), pp.448-457. 
Council, U.C., 2008. Compost and its benefits. Factsheet, US Composting Council, Bethesda, 
MD. 
Coulter, J., & Onumah, G. (2002). The role of warehouse receipt systems in enhanced commodity 
marketing and rural livelihoods in Africa. Food policy, 27(4), 319-337. 
Cummings, R.G., Brookshire, D.S and Schulze, W.D. 1986. Valuing Environmental Goods: An 
Assessment of the Contingent Valuation Method. Rowan and Allenheld, Totowa, NJ. 
Dalton, T.J., 2004. A household hedonic model of rice traits: economic values from farmers in 
West Africa. Agricultural Economics, 31(2-3), pp.149-159. 
de Graaff, J., Kessler, A. and Nibbering, J.W., 2011. Agriculture and food security in selected 
countries in Sub-Saharan Africa: diversity in trends and opportunities. Food 
Security, 3(2), pp.195-213. 
169 
 
 
De Groote, H., Kimenju, S.C. and Morawetz, U.B., 2011. Estimating consumer willingness to 
pay for food quality with experimental auctions: the case of yellow versus fortified maize 
meal in Kenya. Agricultural Economics, 42(1), pp.1-16. 
De Groote, H., Tomlins, K., Haleegoah, J., Ewool, M. and Frimpong, B.N., 2010. Assessing 
rural consumers’ acceptance of orange, biofortified maize with affective tests and 
experimental auctions in Ghana. 
de Janvry, A., E. Sadoulet, and T. Suri. 2017. Field experiments in developing country 
agriculture. Handbook of Economic Field Experiments 2: 427-466. 
Deressa, T.T., Hassan, R.M. and Ringler, C., 2011. Perception of and adaptation to climate 
change by farmers in the Nile basin of Ethiopia. The Journal of Agricultural 
Science, 149(1), pp.23-31. 
Dillon, B., and Barrett, C. B. (2017). Agricultural factor markets in Sub-Saharan Africa: an 
updated view with formal tests for market failure. Food Policy, 67, 64-77. 
Dogbe, W., Etwire, P. M., Martey, E., Etwire, J. C., Baba, I. I., & Siise, A. (2013). Economics of 
soybean production: evidence from Saboba and Chereponi Districts of Northern Region 
of Ghana. Journal of Agricultural Science, 5(12), 38. 
Duflo, E. and Udry, C., 2004. Intrahousehold resource allocation in Cote d'Ivoire: Social norms, 
separate accounts and consumption choices. National Bureau of Economic Research 
Working Paper (No. w10498). 
El Agroudy, N., Mokhtar, S., Awad-Zaghol, E. and El-Gebaly, M., 2011. An economic study of 
the production of soybean in Egypt. Agric Biol JN Am, 2(2), pp.221-225. 
Fageria, N.K., 2007. Green manuring in crop production. Journal of Plant Nutrition, 30(5), 
pp.691-719. 
170 
 
 
Fawole, O.P. and Olajide, B.R., 2012. Awareness and use of information communication 
technologies by farmers in Oyo State, Nigeria. Journal of Agricultural and Food 
Information, 13(4), pp.326-337. 
FAO, I. 2015. Status of the World’s Soil Resources (SWSR)–Main Report. Food and 
Agriculture Organization of the United Nations and Intergovernmental Technical Panel 
on Soils, Rome, Italy, 650. 
FAO, I. WFP. 2015. The state of food insecurity in the world 2015—Meeting the 2015 
international hunger targets: taking stock of uneven progress. FAO, Rome, 56p. 
Fearon, J., 2000. Economic analysis of soil conservation practices in northern Ghana (Doctoral 
dissertation, University of Ghana). http://ugspace.ug.edu.gh/handle/123456789/7883 
Foster, A.D. and Rosenzweig, M.R., 2010. Microeconomics of technology adoption. Annu. Rev. 
Econ., 2(1), pp.395-424. 
Gage, D., Bangnikon, J., Abeka-Afari, H., Hanif, C., Addaquay, J., Antwi, V. and Hale, A., 
2012. The Market for Maize, Rice, Soy, and Warehousing in Northern Ghana. This report 
was produced by USAID’s Enabling Agricultural Trade (EAT) Project. 
Ghana Statistical Service, GLSS. 2012. “2010 Population and Housing Census”. Accra, Ghana 
Ghana Statistical Service, GLSS. 2014. “Ghana Living Standards Survey. Report on the sixth 
round (GLSS 6): Main Report, Accra”. Ghana. 
GIPSA, U., 2004. Grain Inspection Handbook, Book II, Grain Grading Procedures. US 
Department of Agriculture, Marketing and Regulatory Programs, Grain Inspection, 
Packers and Stockyards Administration, Federal Grain Inspection Service, Washington, 
DC. 
171 
 
 
Gould, B. W., Saupe, W. E., and Klemme, R. M. 1989. Conservation tillage: the role of farm and 
operator characteristics and the perception of soil erosion. Land economics, 65(2), 167-
182. 
Guinn, J. M. (2002). Domestic quality standards and trading rules and recommended export 
contract specifications for US soybeans and products. url:http://ussec.org/wp-
content/uploads/2015/10/Guinn_Quality_Standards_Trading_Rules2002.pdf 
Gwata, E.T., 2010. Potential impact of edible tropical legumes on crop productivity in the small-
holder sector in sub-Saharan Africa. Journal of Food, Agriculture and 
Environment, 8(3/4 part 2), pp.939-944. 
Han, S. Y., Kwak, S. J., and Yoo, S. H. (2008). Valuing environmental impacts of large dam 
construction in Korea: An application of choice experiments. Environmental Impact 
Assessment Review, 28(4), 256-266. 
Hayami, Y., and Ruttan, V.W. (1985). Agricultural Development: An International Perspective. 
Revised Edition. Baltimore and London: Johns Hopkins University Press, pp. 506 
Hellal, F.A. and ABDELHAMID, M.T. (2013). Nutrient management practices for enhancing 
soybean (Glycine max L.) production. Acta Biológica Colombiana, 18(2), pp.239-250. 
Hensher, D. and Greene, W. (2010) Non-Attendance and Dual Processing of Common Metric 
Attributes in Choice Analysis: A Latent Class Specification. Empirical Economics, 39, 
413-426. 
Hoffmann, V. and Gatobu, K.M. (2014). Growing their own: Unobservable quality and the value 
of self-provisioning. Journal of Development Economics, 106, pp.168-178. 
Hole, A. R. (2007). A comparison of approaches to estimating confidence intervals for 
willingness to pay measures. Health Economics, 16(8), 827-840.  
172 
 
 
Holt, C.A., Laury, S.K. (2002). Risk aversion and incentive effects. American Economic Review 
92, 1644–1655. 
Herrero, M., Thornton, P. K., Power, B., Bogard, J., Remans, R., Fritz, S., Havlik, P. (2017).   
Farming and the geography of nutrient production for human use: a transdisciplinary 
analysis. Lancet Planet Health, 1(1), e33–42. 
http://thelancet.com/pdfs/journals/lanplh/PIIS2542-5196(17)30007-4.pdf 
IPCC, Intergovernmental Panel on Climate Change. 2014. Climate Change 2014–Impacts, 
Adaptation and Vulnerability: Regional Aspects. Cambridge University Press. 
Islas-Rubio, A. R., and Higuera-Ciapara, I. (2002). Soybeans: post-harvest operations. FAO, 
United Nations. 
Jack, B. Kelsey. (2013). “Constraints on the adoption of agricultural technologies in developing 
countries.” Literature review, Agricultural Technology Adoption Initiative, J-PAL (MIT) 
and CEGA (UC Berkeley).   
Johnson, N.L., Lilja, N. and Ashby, J.A. (2003). Measuring the impact of user participation in 
agricultural and natural resource management research. Agricultural Systems, 78(2), 
pp.287-306. 
Jones, M., Alexander, C., Widmar, N.O., Ricker-Gilbert, J. and Lowenberg-DeBoer, J.M. 
(2016). Do Insect and Mold Damage Affect Maize Prices in Africa? Evidence from 
Malawi. Modern Economy, 7(11), p.1168. 
Kadjo, D., Ricker-Gilbert, J. and Alexander, C. (2016). Estimating price discounts for low-
quality maize in sub-Saharan Africa: evidence from Benin. World Development, 77, 
pp.115-128. 
173 
 
 
Kamara, J.S., Bockari-Gevao, S.M., Luseni, P.J., Leigh, A.U. and Cooke, R.A. (2014). A 
national survey of rice (Oryza sativa L.) grain quality in Sierra Leone I: Perception of 
traders and consumers. African Journal of Food, Agriculture, Nutrition and 
Development, 14(4), pp.9117-9135. 
Kassie, M., Jaleta, M., Shiferaw, B., Mmbando, F. and Mekuria, M. (2013). Adoption of 
interrelated sustainable agricultural practices in smallholder systems: Evidence from rural 
Tanzania. Technological Forecasting and Social Change, 80(3), pp.525-540. 
Kotir, J.H. (2011). Climate change and variability in Sub-Saharan Africa: a review of current and 
future trends and impacts on agriculture and food security. Environment, Development 
and Sustainability, 13(3), pp.587-605. 
Krah, K., Petrolia, D.R., Williams, A., Coble, K.H., Harri, A. and Rejesus, R.M. (2017). 
Producer preferences for contracts on a risky bioenergy crop. Applied Economic 
Perspectives and Policy. 
Kumar, D., and Kalita, P. (2017). Reducing Postharvest Losses during Storage of Grain Crops to 
Strengthen Food Security in Developing Countries. Foods, 6(1), 8. 
Lagerkvist, C.J., Shikuku, K., Okello, J., Karanja, N. and Ackello-Ogutu, C. (2015). A 
conceptual approach for measuring farmers’ attitudes to integrated soil fertility 
management in Kenya. NJAS-Wageningen Journal of Life Sciences, 74, pp.17-26. 
Lancaster, K. J. (1966). A new approach to consumer theory. Journal of Political 
Economy, 74(2), 132-157. 
Langyintuo, A.S. and Mungoma, C. (2008). The effect of household wealth on the adoption of 
improved maize varieties in Zambia. Food Policy, 33(6), pp.550-559. 
174 
 
 
Larson, D., Otsuka, K., Matsumoto, T., and Kilic, T. (2014). Should African rural development 
strategies depend on smallholder farms? An exploration of the inverse-productivity 
hypothesis. Agricultural Economics, 45(3), 335–367. 
Leathers, H.D. and Smale, M. (1991). A Bayesian approach to explaining sequential adoption of 
components of a technological package. American Journal of Agricultural 
Economics, 73(3), pp.734-742. 
List, J.A. and Rondeau, D. (2003). The impact of challenge gifts on charitable giving: an 
experimental investigation. Economics Letters, 79(2), pp.153-159. 
Loureiro, M. L., McCluskey, J. J., and Mittelhammer, R. C. (2003). Are stated preferences good 
predictors of market behavior? Land Economics, 79(1), 44-45. 
Luce, R.D. (2012). Individual Choice Behavior: A Theoretical Analysis. Courier Corporation. 
Lusk, J.L. and Coble, K.H. (2005). Risk perceptions, risk preference, and acceptance of risky 
food. American Journal of Agricultural Economics, 87(2), pp.393-405. 
Lusk, J. L., and Shogren, J. F. (2007). Experimental auctions: Methods and applications in 
economic and marketing research. Cambridge University Press. 
Mafimisebi, T. E. (2012). Spatial equilibrium, market integration and price exogeneity in dry fish 
marketing in Nigeria: A vector auto-regressive (VAR) approach. Journal of Economics 
Finance and Administrative Science, 17(33), 31-37. 
Manda, J., Alene, A.D., Gardebroek, C., Kassie, M. and Tembo, G. (2016). Adoption and 
impacts of sustainable agricultural practices on maize yields and incomes: evidence from 
Rural Zambia. Journal of Agricultural Economics, 67(1), pp.130-153. 
175 
 
 
Mango, N., Makate, C., Tamene, L., Mponela, P. and Ndengu, G. (2017). Awareness and 
adoption of land, soil and water conservation practices in the Chinyanja Triangle, 
Southern Africa. International Soil and Water Conservation Research, 5(2), pp.122-129. 
Marenya, P.P. and Barrett, C.B. (2007). Household-level determinants of adoption of improved 
natural resources management practices among smallholder farmers in western 
Kenya. Food Policy, 32(4), pp.515-536. 
Marx, S.M., Weber, E.U., Orlove, B.S., Leiserowitz, A., Krantz, D.H., Roncoli, C. and Phillips, 
J. (2007). Communication and mental processes: Experiential and analytic processing of 
uncertain climate information. Global Environmental Change, 17(1), pp.47-58. 
Mason, N.M. and Ricker-Gilbert, J. (2013). Disrupting demand for commercial seed: Input 
subsidies in Malawi and Zambia. World Development, 45, pp.75-91. 
Masuda, T. and Goldsmith, P.D. (2009). World soybean production: area harvested, yield, and 
long-term projections. International food and agribusiness management review, 12(4), 
pp.143-162. 
Mawazo MM. Linking rural farmers to markets using ICTs. The Technical Centre for 
Agricultural and Rural Cooperation (CTA) working paper 15/12. Wageningen, The 
Netherlands. 2015. 
Mbanya, W. (2011). Assessment of the Constraints in Soybean Production: A Case of Northern 
Region, Ghana. Journal of Developments in Sustainable Agriculture, 6(2), 199-214. 
McFadden, D., and Train, K. (2000). Mixed MNL models for discrete response. Journal of 
Applied Econometrics, 447-470. 
McFadden, D. (1974). Conditional logit analysis of qualitative choice behavior. Frontiers in 
Econometrics, 105-142. 
176 
 
 
Mertz, O., Mbow, C., Reenberg, A. and Diouf, A. (2009). Farmers’ perceptions of climate 
change and agricultural adaptation strategies in rural Sahel. Environmental 
management, 43(5), pp.804-816. 
Meijer, S. S., Catacutan, D., Ajayi, O. C., Sileshi, G. W., and Nieuwenhuis, M. (2015). The role 
of knowledge, attitudes and perceptions in the uptake of agricultural and agroforestry 
innovations among smallholder farmers in sub-Saharan Africa. International Journal of 
Agricultural Sustainability, 13(1), 40-54. 
Mtumbuka, W. S., Mapemba, L., Maonga, B., and Mwabumba, M. (2014). Spatial price 
integration among selected bean markets in Malawi: A threshold autoregressive model 
approach (Vol. 7). Intl Food Policy Res Inst. 
Ministry of Food and Agriculture (MoFA). (2006). Agricultural Extension Handbook, pp. 23-
116, 231-241. 
Ministry of Food and Agriculture (MoFA). (2010). “Ministry of Food and Agriculture Annual 
Report. Policy Planning Monitoring and Evaluation Directorate. Accra, Ghana”. 
Ministry of Food and Agriculture (MoFA). (2011). “Ministry of Food and Agriculture Annual 
Report. Policy Planning Monitoring and Evaluation Directorate. Accra, Ghana”. 
Ministry of Food and Agriculture (MoFA). (2015). Production estimates. Ministry of Food and 
Agriculture, Statistics, Research and Information Directorate. Accra, Ghana. 
Moore, E. and Eckel, C. (2003). Measuring ambiguity aversion. Unpublished manuscript, 
Department of Economics, Virginia Tech. 
Morris, M., V. A. Kelly, R. J. Kopicki, and D. Byerlee. (2007). Fertilizer Use in African 
Agriculture: Lessons Learned and Good Practice Guidelines. Washington, DC: World 
Bank. 
177 
 
 
Morton, J.F. (2007). The impact of climate change on smallholder and subsistence 
agriculture. Proceedings of the National Academy of Sciences, 104(50), pp.19680-19685. 
Mponela, P., Tamene, L., Ndengu, G., Magreta, R., Kihara, J. and Mango, N. (2016). 
Determinants of integrated soil fertility management technologies adoption by 
smallholder farmers in the Chinyanja Triangle of Southern Africa. Land Use Policy, 59, 
pp.38-48. 
Mulwa, C., Marenya, P. and Kassie, M. (2017). Response to climate risks among smallholder 
farmers in Malawi: A multivariate probit assessment of the role of information, 
household demographics, and farm characteristics. Climate Risk Management, 16, 
pp.208-221. 
Negatu, W. and Parikh, A. (1999). The impact of perception and other factors on the adoption of 
agricultural technology in the Moret and Jiru Woreda (district) of Ethiopia. Agricultural 
Economics, 21(2), pp.205-216. 
Nelson, G.C., Rosegrant, M.W., Palazzo, A., Gray, I., Ingersoll, C., Robertson, R., Tokgoz, S., 
Zhu, T., Sulser, T.B., Ringler, C. and Msangi, S. (2010). Food security, farming, and 
climate change to 2050: Scenarios, results, policy options (Vol. 172). Intl Food Policy 
Res Inst., Washington, DC. 
Noma, I. (2012). Rapid Market assessment in Tamale, Bolgatanga, and Wa. World Food 
Program. 
http://documents.wfp.org/stellent/groups/public/documents/ena/wfp253277.pdf?iframe 
Ogada, M.J., Mwabu, G. and Muchai, D. (2014). Farm technology adoption in Kenya: a 
simultaneous estimation of inorganic fertilizer and improved maize variety adoption 
decisions. Agricultural and Food Economics, 2(1), p.12. 
178 
 
 
Omamo, S.W., Williams, J.C., Obare, G.A. and Ndiwa, N.N. (2002). Soil fertility management 
on small farms in Africa: evidence from Nakuru District, Kenya. Food Policy, 27(2), 
pp.159-170. 
Oparinde, A., Banerji, A., Birol, E. and Ilona, P. (2016). Information and consumer willingness 
to pay for biofortified yellow cassava: evidence from experimental auctions in 
Nigeria. Agricultural Economics, 47(2), pp.215-233. 
Ortega, D. L., Waldman, K. B., Richardson, R. B., Clay, D. C., and Snapp, S. (2016). 
Sustainable Intensification and Farmer Preferences for Crop System Attributes: Evidence 
from Malawi’s Central and Southern Regions. World Development, 87, 139-151. 
Owusu, K. (2018). Rainfall changes in the savannah zone of northern Ghana 1961–
2010. Weather, 73: 46–50. 
Owusu K, Waylen PR. (2013). Identification of historic shifts in daily rainfall regime, Wenchi, 
Ghana. Clim. Change 117: 133–147. 
Pender, J. and Gebremedhin, B. (2007). Determinants of agricultural and land management 
practices and impacts on crop production and household income in the highlands of 
Tigray, Ethiopia. Journal of African Economies, 17(3), pp.395-450. 
Pender, J.L. and Kerr, J.M. (1998). Determinants of farmers' indigenous soil and water 
conservation investments in semi-arid India. Agricultural Economics, 19(1-2), pp.113-
125. 
Petrolia, D.R., Hwang, J., Landry, C.E. and Coble, K.H. (2015). Wind insurance and mitigation 
in the coastal zone. Land Economics, 91(2), pp.272-295. 
179 
 
 
Place, F., Barrett, C.B., Freeman, H.A., Ramisch, J.J. and Vanlauwe, B. (2003). Prospects for 
integrated soil fertility management using organic and inorganic inputs: evidence from 
smallholder African agricultural systems. Food Policy, 28(4), pp.365-378. 
Plahar, W.A. (2006). September. Overview of the soybean industry in Ghana. In workshop on 
soybean for human nutrition and health, Accra, Ghana (Vol. 28). 
Poulton, C., Kydd, J. and Dorward, A. (2006). Overcoming market constraints on pro‐poor 
agricultural growth in Sub‐Saharan Africa. Development Policy Review, 24(3), pp.243-
277. 
Pradhan, K., Dewina, R. and Minsten, B. (2010). Agricultural commercialization and 
diversification in Bhutan. International Food Policy Research Institute (IFPRI). 
Washington, DC, USA. 
Randall, A., and J. R. Stoll. (1980). Consumer's Surplus in Commodity Space. American 
Economic Review. 70:449. 
Revelt, D., and Train, K. (1998). Mixed logit with repeated choices: households' choices of 
appliance efficiency level. Review of Economics and Statistics, 80(4), 647-657. 
Rogers, E.M. (2010). Diffusion of innovations. Simon and Schuster. 
Ronner, E., Franke, A.C., Vanlauwe, B., Dianda, M., Edeh, E., Ukem, B., Bala, A., Van 
Heerwaarden, J. and Giller, K.E. (2016). Understanding variability in soybean yield and 
response to P-fertilizer and rhizobium inoculants on farmers’ fields in northern 
Nigeria. Field Crops Research, 186, pp.133-145. 
Rothkopf, M.H., Teisberg, T.J. and Kahn, E.P. (1990). Why are Vickrey auctions rare? Journal 
of Political Economy, 98(1), pp.94-109. 
180 
 
 
Ross, N., Santos, P., Capon, T. (2010). Risk, ambiguity and the adoption of new technologies: 
experimental evidence from a developing economy. Unpublished Manuscript. 
Sadoulet, E. and De Janvry, A. (1995). Quantitative development policy analysis (Vol. 1). 
Baltimore: Johns Hopkins University Press. 
Sales, P.V.G., Peluzio, J.M., Afférri, F.S., da Costa Sales, A.C.R. and Sales, V.H.G. (2016). 
Effect of pods' position on the protein content in soybean grains at low latitude. Journal 
of Bioenergy and Food Science, 3(4), pp.216-221. 
Savanna Agricultural Research Institute (SARI). (2014). Effective Farming Systems Research 
Approach for Accessing and Developing Technologies for Farmers: Annual Report 
2014". 
Scherr, S.J. and Hazell, P.B.R. (1994). Sustainable agricultural development strategies in fragile 
lands (No. 1). International Food Policy Research Institute (IFPRI). 
Schulz, L. L., and Tonsor, G. T. (2010). Cow‐Calf Producer Preferences for Voluntary 
Traceability Systems. Journal of Agricultural Economics, 61(1), 138-162. 
Scoones, I., Thomson, J. (1994). Knowledge, power and agriculture—towards a theoretical 
understanding: In Scoones, I. and Thomson, J. (Eds.), Beyond Farmer First. Rural 
Peoples' Knowledge and Extension Practice. London: Intermediate Technology 
Publications, pp. 16–32 
Sheahan, M. and Barrett, C.B. (2014). Understanding the agricultural input landscape in Sub-
Saharan Africa: recent plot, household, and community-level evidence (No. 7014). The 
World Bank. 
Sheahan, M. and Barrett, C.B. (2017). Ten striking facts about agricultural input use in Sub-
Saharan Africa. Food Policy, 67, pp.12-25. 
181 
 
 
Shikuku, K.M., Winowiecki, L., Twyman, J., Eitzinger, A., Perez, J.G., Mwongera, C. and 
Läderach, P. (2017). Smallholder farmers’ attitudes and determinants of adaptation to 
climate risks in East Africa. Climate Risk Management, 16, pp.234-245. 
Smale, M., Just, R.E. and Leathers, H.D. (1994). Land allocation in HYV adoption models: An 
investigation of alternative explanations. American Journal of Agricultural 
Economics, 76(3), pp.535-546. 
SRID (2015). Production estimates. Ministry of Food and Agriculture, Statistics, Research and 
Information Directorate. Accra, Ghana. 
SRID (2012). Production estimates. Ministry of Food and Agriculture, Statistics, Research and 
Information Directorate. Accra, Ghana. 
Stevens, R. and Winter-Nelson, A. (2008). Consumer acceptance of provitamin A-biofortified 
maize in Maputo, Mozambique. Food Policy, 33(4), pp.341-351. 
Stigler, G. (1961). The Economics of Information. Journal of Political Economy, Vol. 69, 213-
225. 
Sunding, D. and Zilberman, D. (2001). The agricultural innovation process: research and 
technology adoption in a changing agricultural sector. Handbook of agricultural 
economics, 1, pp.207-261. 
Swait, J. (1994). A structural equation model of latent segmentation and product choice for 
cross-sectional revealed preference choice data. Journal of retailing and consumer 
services, 1(2), 77-89. 
Tambo, J.A. (2016). Adaptation and resilience to climate change and variability in north-east 
Ghana. International Journal of Disaster Risk Reduction, 17, pp.85-94. 
182 
 
 
Tamimie, C.A. and Goldsmith, P.D. (2018). Determinants of soybean adoption and performance 
in northern Ghana. Agricultural Economics. Under review: 35 pages 
Teisl, M.F. Roe, B. and Hicks, R.L. (2002). Can Eco-Labels Tune a Market? Evidence from 
Dolphin-Safe Labeling. Journal of Environmental Economics and Management 43: 339-
359. 
Teklewold, H., Kassie, M. and Shiferaw, B. (2013). Adoption of multiple sustainable agricultural 
practices in rural Ethiopia. Journal of Agricultural Economics, 64(3), pp.597-623. 
Thomas, D.S., Twyman, C., Osbahr, H. and Hewitson, B. (2011). Adaptation to climate change 
and variability: Farmer responses to intra-seasonal precipitation trends in South Africa. 
In African Climate and Climate Change (pp. 155-178). Springer, Dordrecht. 
Thomson, K.J. and Tansey, A.W. (1982). Intentions surveys in farming. Journal of Agricultural  
Economics, 33(1), pp.83-88. 
Train, K. E. (2009). Discrete choice methods with simulation. Cambridge university press. 
Truelove, H.B., Carrico, A.R. and Thabrew, L. (2015). A socio-psychological model for 
analyzing climate change adaptation: A case study of Sri Lankan paddy farmers. Global 
Environmental Change, 31, pp.85-97. 
Tu, C., Ristaino, J.B. and Hu, S. (2006). Soil microbial biomass and activity in organic tomato 
farming systems: Effects of organic inputs and straw mulching. Soil Biology and 
Biochemistry, 38(2), pp.247-255. 
Tversky, A. and Kahneman, D. (1973). Availability: A heuristic for judging frequency and 
probability. Cognitive psychology, 5(2), pp.207-232. 
183 
 
 
Udoh, E.J. and Kormawa, P.M. (2009). Determinants for cassava production expansion in the 
semi-arid zone of West Africa. Environment, Development and Sustainability, 11(2), 
pp.345-357. 
UNICEF. (2016). Statistical tables. State of the World's Children, 107-172 
Useche, P., Barham, B. L., and Foltz, J. D. (2012). Trait-based adoption models using ex-ante 
and ex-post approaches. American Journal of Agricultural Economics, 95(2), 332-338. 
Van Campenhout, B., Walukano, W., Nattembo, F., Nazziwa-Nviiri, L., and Blom, J. (2017). 
The role of information in agricultural technology adoption: Experimental evidence from 
rice farmers in Uganda". IFPRI Discussion Paper 1684. Washington, D.C.: International 
Food Policy Research Institute (IFPRI). url: 
http://ebrary.ifpri.org/cdm/singleitem/collection/p15738coll2/id/131516. 
Vanlauwe, B., Pypers, P., Birachi, E.A., Nyagaya, M., Van Schagen, B., Huising, J., Ouma, E., 
Blomme, G. and Van Asten, P. (2012). Integrated soil fertility management in Central 
Africa: Experiences of the consortium for improving agriculture-based livelihoods in 
Central Africa (CIALCA). Centro Internacional de Agricultura Tropical (CIAT). 
Varma, P. (2017). Adoption of System of Rice Intensification under Information Constraints: An 
Analysis for India. The Journal of Development Studies, pp.1-19. 
Vickrey, W. (1961). Counter-speculation, auctions, and competitive sealed tenders. The Journal 
of Finance, 16(1), pp.8-37. 
von Braun J, Bouis H, Kennedy E (1994). Conceptual framework. In: von Braun J and Kennedy 
E (eds), Agricultural commercialization, economic development, and nutrition. Johns 
Hopkins University Press, Baltimore, Maryland, USA. pp. 9–33. 
 
184 
 
 
Vyas, S. and Kumaranayake, L. (2006). Constructing socio-economic status indices: how to use 
principal components analysis. Health Policy and Planning, 21(6), pp.459-468. 
Wainaina, P., Tongruksawattana, S. and Qaim, M. (2016). Tradeoffs and complementarities in 
the adoption of improved seeds, fertilizer, and natural resource management technologies 
in Kenya. Agricultural Economics, 47(3), pp.351-362. 
Waldman, K.B., Kerr, J.M. and Isaacs, K.B. (2014). Combining participatory crop trials and 
experimental auctions to estimate farmer preferences for improved common bean in 
Rwanda. Food Policy, 46, pp.183-192. 
Waldman, K.B., Blekking, J.P., Attari, S.Z. and Evans, T.P. (2017). Maize seed choice and 
perceptions of climate variability among smallholder farmers. Global Environmental 
Change, 47, pp.51-63. 
Ward, P. S., Ortega, D. L., Spielman, D. J., and Singh, V. (2014). Heterogeneous demand for 
drought-tolerant rice: Evidence from Bihar, India. World Development, 64, 125-139. 
Wise, R.M., Fazey, I., Smith, M.S., Park, S.E., Eakin, H.C., Van Garderen, E.A. and Campbell, 
B. (2014). Reconceptualising adaptation to climate change as part of pathways of change 
and response. Global Environmental Change, 28, pp.325-336. 
Witcombe, J.R., Joshi, K.D., Gyawali, S., Musa, A.M., Johansen, C., Virk, D.S. and Sthapit, 
B.R., (2005). Participatory plant breeding is better described as highly client-oriented 
plant breeding. I. Four indicators of client-orientation in plant breeding. Experimental 
Agriculture, 41(3), pp.299-319. 
Wollni, M., Lee, D.R. and Thies, J.E. (2010). Conservation agriculture, organic marketing, and 
collective action in the Honduran hillsides. Agricultural Economics, 41(3‐4), pp.373-384. 
Wooldridge, J.M. (2010). Econometric analysis of cross section and panel data. MIT press. 
185 
 
 
Yang, X, Y., N. D. Paulson, and M. Khanna. (2016). Optimal Mix of Vertical Integration and 
Contracting for Energy Crops: Effect of Risk Preferences and Land Quality. Applied 
Economic Perspectives and Policy 38 (4): 632–54. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
186 
 
 
APPENDIX A 
SUPPLEMENTARY MATERIALS FOR CHAPTER 2 
 
 
Table A1: Actual and perceptions of long-term change in rainfall and temperature by districts 
Districts Obs. 
% of 
educated 
farmers 
Actual34 
change 
in mean 
rainfall 
% of farmers 
who 
perceived 
change in 
mean rainfall 
over last 10 
years 
Actual 
change in 
mean 
temperature 
% of farmers 
who perceived 
change in 
mean 
temperature 
over last 10 
years 
Northern Region       
East Gonja 47 19% Yes 96% Yes 94% 
Savelugu 12 50% Yes 100% Yes 92% 
Chereponi 17 6% Yes 82% Yes 88% 
Kpandai 34 26% Yes 100% Yes 100% 
Karaga 54 6% Yes 98% Yes 98% 
West Mamprusi 55 25% Yes 95% Yes 98% 
Tolon 54 31% Yes 100% Yes 89% 
Sawla-Tuna Kalba 47 17% Yes 100% Yes 100% 
West Gonja 55 38% Yes 96% Yes 96% 
Yendi 49 24% Yes 90% Yes 94% 
Upper East Region       
Bawku Municipal 46 13% Yes 91% Yes 89% 
Bongo 26 19% Yes 96% Yes 96% 
Binduri 59 24% Yes 93% Yes 90% 
Garu-Tempane 58 10% Yes 93% Yes 97% 
Bawku West 46 26% Yes 100% Yes 100% 
Kassena Nankana 23 13% Yes 100% Yes 100% 
Upper West Region       
Jirapa 50 100% Yes 100% Yes 100% 
Wa Municipal 38 87% Yes 100% Yes 100% 
Sissala East 52 92% Yes 98% Yes 98% 
Wa East 47 100% Yes 100% Yes 100% 
Wa West 48 90% Yes 98% Yes 94% 
Nadowli-Kaleo 49 100% Yes 100% Yes 100% 
Total 966 43% Yes 97% Yes 96% 
 
 
 
 
 
 
 
 
 
                                                          
34 This is based on the time series of rainfall and temperature in the sample districts of the study. 
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Figure A1: Relationship between average fertilizer use per hectare and total hectares of land 
under cultivation. Source: Authors' calculation using farm household survey conducted by 
USAID/CSIR-SARI, 2016.  
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Figure A2: Standard deviation rainfall by districts and regions (1981-2017) 
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Figure A3: Standard deviation temperature by districts and regions (1981-2017) 
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APPENDIX B 
SUPPLEMENTARY MATERIALS FOR CHAPTER 3 
Notes: 
The Concept of Dominance in Vickery Auctions 
The concept of dominance is a strategy for simplifying normal games especially when it does not 
lead to a solution. Following Vickery auction mechanism, a dominant strategy under incomplete 
information will require bidders to bid their true valuation in either second or third-price value 
auction. I describe the theoretical predictions of this model with reference to the experimental 
design.  
Assume there are 𝐼 bidders (farmers) with valuations 0 ≤ 𝜐1 ≤. . . ≤ 𝜐𝐼, for three soybean 
varieties (𝐴, 𝐵 𝑎𝑛𝑑 𝐶) of the same weight (500g per variety), where the ordering is without loss 
of generality. If the strategy spaces are bids, 𝑃𝑖 ∈ [0, ∞) and the value of the bid for a bidder 𝑖, is 
𝜐𝑖, then the payoff function (𝑢𝑖) is expressed as: 
 
𝑢𝑖 = {
𝜐𝑖 − max
𝑗≠𝑖
𝑃𝑗  𝑖𝑓 𝑃𝑖 > 𝑃𝑗
0                  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                              (𝐵1) 
 
where 𝑚𝑎𝑥𝑃𝑗 is the third highest bid (market price) paid by the winner for bidding the highest 
bid (𝑃𝑖). The payoff is zero when the bidder loses the auction and is 𝜐𝑖 − max
𝑗≠𝑖
𝑃𝑗  when the bidder 
wins the auction.  The allocation and the payment are determined under the Vickery auction 
mechanism as follows. Let 𝑡𝑖 = max
𝑗≠𝑖
𝑃𝑗 represents the third highest bid (market value). 
Following from the concept of dominance, I show that the true valuation 𝑃𝑖 = 𝜐𝑖 weakly 
dominate overbidding 𝑃𝑖 > 𝜐𝑖  and underbidding 𝑃𝑖 < 𝜐𝑖 as follows: 
 
 
191 
 
 
Case 1: Under the conditions of  𝑃𝑖 > 𝜐𝑖 and 𝑃𝑖 = 𝜐𝑖 
If 𝑡𝑖 > 𝜐𝑖, then the payoff 𝑢𝑖 is zero under 𝑃𝑖 > 𝜐𝑖 and 𝑃𝑖 = 𝜐𝑖 conditions since they both lose the 
auction. If 𝑡𝑖 < 𝜐𝑖, then the payoff under both condition will be 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 > 0. However, 
when 𝜐𝑖 < 𝑡𝑖 < 𝑃𝑖, then under 𝑃𝑖 = 𝜐𝑖 condition, the bidder loses the auction (payoff is zero) but 
the payoff is 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 < 0 under the condition of 𝑃𝑖 > 𝜐𝑖. The conclusion based on the third 
scenario (𝜐𝑖 < 𝑡𝑖 < 𝑃𝑖) is that true valuation (𝑃𝑖 = 𝜐𝑖) weakly dominates overbidding strategy 
(𝑃𝑖 > 𝜐𝑖). The bid profile forms a Nash equilibrium (NE) if and only if the inequality holds: 
 
𝑃𝑖 = 𝜐𝑖 ≥ 𝑃𝑖 > 𝜐𝑖                                                                             (𝐵2) 
 
Case 2: Under the conditions of  𝑃𝑖 < 𝜐𝑖 and 𝑃𝑖 = 𝜐𝑖 
Assuming 𝑡𝑖 > 𝜐𝑖, then the payoff 𝑢𝑖 is zero under 𝑃𝑖 < 𝜐𝑖 and 𝑃𝑖 = 𝜐𝑖 conditions since they both 
loose the auction. If 𝑡𝑖 < 𝜐𝑖, then the payoff under 𝑃𝑖 = 𝜐𝑖 will be 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 > 0 and under 
𝑃𝑖 < 𝜐𝑖, payoff will be 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 ≥ 0 depending on whether 𝑃𝑖 > 𝑡𝑖 (the highest bidder wins 
the auction and pay 𝜐𝑖 > 𝑡𝑖) or 𝑃𝑖 < 𝑡𝑖 (the second highest bidder wins the auction and pays the 
third highest price). If 𝜐𝑖 < 𝑡𝑖 < 𝑃𝑖, then the payoff under 𝑃𝑖 = 𝜐𝑖 and 𝑃𝑖 < 𝜐𝑖 will both be zero. 
Equation (2) also holds in case 2.  
Given all the cases and scenarios considered, it can be concluded that “truth-telling” (true 
valuation) is a dominant strategy in a third price-sealed bid auction under incomplete 
information. Summary of the results is presented in Table B1. The concept is applied to an 
auction survey of farmers who bid for different varieties of soybean after they received 
information from participatory research but have no knowledge of the bids submitted by each 
farmer.  
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Table B1: Summary of Vickery Auction Mechanism 
Panel A: Case 1: Overbidding vs Truth-telling 
 Scenario 𝑃𝑖 > 𝜐𝑖 Decision 𝑃𝑖 = 𝜐𝑖 
1 𝑡𝑖 > 𝜐𝑖 𝑢𝑖 = 0 
< 
𝑢𝑖 = 0 
    
2 𝑡𝑖 < 𝜐𝑖 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 > 0 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 > 0 
    
3 𝜐𝑖 < 𝑡𝑖 < 𝑃𝑖 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 < 0 𝑢𝑖 = 0 
Panel B: Case 2: Underbidding vs Truth-telling 
 Scenario 𝑃𝑖 < 𝜐𝑖 Decision 𝑃𝑖 = 𝜐𝑖 
1 𝑡𝑖 > 𝜐𝑖 𝑢𝑖 = 0 
< 
𝑢𝑖 = 0 
    
2 𝑡𝑖 < 𝜐𝑖 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 ≥ 0 𝑢𝑖 = 𝜐𝑖 − 𝑡𝑖 > 0 
    
3 𝜐𝑖 < 𝑡𝑖 < 𝑃𝑖 𝑢𝑖 = 0 𝑢𝑖 = 0 
 
 
Table B2: Tobit estimate of farmers’ WTP based on model type and market information 
 
Base  Certainty Equivalent  3-Point Risk Measure  5-Point Risk Measure 
Model Risk Model Model Model 
(1) (2) (3) (4) (5) (6) (7) (8) 
Control Treated Control Treated Control Treated Control Treated 
“Afayak”  5.34 4.16 5.38 4.19 5.28 4.08 5.37 4.19 
“Jenguma” 5.45 4.27 5.47 4.30 5.38 4.19 5.48 4.29 
“Salintua” 5.07 3.89 5.10 3.92 5.00 3.81 5.10 3.92 
Notes: WTP for “Salintua” is the dropped variety in the RE model, which is captured by the constant term.  
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
 
 
 
Table B3: Tobit estimate of farmers’ WTP based on model type and production information 
 
Base  Certainty Equivalent  3-Point Risk Measure  5-Point Risk Measure 
Model Risk Model Model Model 
(1) (2) (3) (4) (5) (6) (7) (8) 
Control Treated Control Treated Control Treated Control Treated 
“Afayak”  4.16 3.18 4.40 3.21 4.30 3.10 4.39 3.21 
“Jenguma” 4.47 3.29 4.49 3.32 4.40 3.21 4.50 3.31 
“Salintua” 4.09 2.91 4.12 2.94 4.02 2.83 4.12 2.94 
Notes: WTP for “Salintua” is the dropped variety in the RE model, which is captured by the constant term.  
Source: Estimation is based on data from experimental auction survey in Northern Ghana, 2017. 
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Risk preference Questions 
1. Relative to other farmers, how would you describe your willingness to accept risk in     your farm 
business?   
a. Definitely will not accept risk   b. Probably will not accept risk   c. Indifferent to risk 
acceptance   d. Probably will accept risk e. Definitely will accept risk 
2. In general, do you consider yourself as more less a risk-taker than your family members, friends 
and neighbor?  
a. More   b. About same  c. Less       
 
3. Assume you were offered the opportunity to lock in a certain price for your “current    crop” in the 
2018 crop year. What is the lowest price for which you would forward contract to eliminate all price 
risk for “current crop”.  
$_____ 
Risk perception Questions 
1. What yield do you consider most likely for your current crop in 2018? 
 
2. What do you expect will be your lowest yield in 10 years of growing “current crop?” 
 
3. What do you expect will be your highest yield in 10 years of growing your “current crop?” 
 
4. What price do you consider to be the most likely harvest time price for your “current crop” in 2018? 
 
5. What price do you consider there to be only a 10% chance that the harvest time prices will fall 
below? 
 
6. What price do you consider there to be only a 10% chance that the harvest time prices will rise 
above? 
 
7. Research has shown that the average soybean yield in Northern Ghana is 1910kg/ha and ranges 
between 509-2000kg/ha. Would you consider that:  
The yield risk of growing soybean is ______________ the risk of growing your alternative crop. 
 
a. Less than b. Equal to Greater than 
Figure B1: Questionnaires of risk perception and preferences 
 
 
 
 
 
 
 
 
 
 
 
 
 
